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Abstract 
 
Water supply worldwide is facing pressure because of climate change and increasing water 
demand due to growing population and lifestyle changes. The traditional way of fulfilling the 
growing demand-supply gap by exploiting new fresh water resources and investing in the 
expansion of infrastructure is no longer considered environmentally or economically sustainable. 
The new path the water industry should follow is the management of water demand. Pilot 
residential efficiency initiatives are being launched by UK water providers over the past decade 
but despite the progress documented in this area, research on the evaluation of efficiency 
initiatives is still limited and little information is publicly available as to the magnitude of 
achieved water savings. Additionally, the need for establishing a robust evaluation framework is 
imperative.  
The present study uses double case study methodology to evaluate the effectiveness of two 
residential efficiency programmes in reducing water consumption in areas where two UK water 
companies operate. Utilising household water consumption, weather and demographic data, it 
defines the factors that affect per capita water consumption via regression analysis. Employing 
reference groups of households that did not participate in the programmes and means comparison 
tests, it investigates differences in consumption between participants and non-participants during 
the programme period. The study continues by using multilevel models to accurately measure the 
water savings achieved through each programme and to define the factors that affect a 
household’s potential to save water.  It further produces an evolved framework for savings 
evaluation, providing detailed guidelines to water companies that want to embark on the 
evaluation of their efficiency programmes, taking into account various data availability 
circumstances.   
Analysis illustrated a mean 6.95% decrease and a 14.7% decrease in consumption for each case 
study respectively, explicitly attributable to the efficiency programmes. Research findings 
provide strong evidence that single resident and financially stretched households have a bigger 
potential to conserve water and also highlight the robustness of multilevel analysis, even in cases 
of data limitations. This study provides invaluable guidance to water companies that aim to 
conduct water savings evaluation after an efficiency programme but also to the ones that are 
planning to embark into a new demand management initiative. 
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Chapter 1. Introduction 
 
 
1.1 Water Scarcity 
In an always changing world, people will always be trying to make their everyday lives 
better. Modern societies continuously seek to improve their living standards by 
consuming more and more resources, sometimes ignoring the fact that these resources 
may not be abundant. Capitalism and wealth have led people to the false belief that as 
long as there is economic prosperity, every single thing on this planet is easily 
replaceable and any damage caused can be repaired immediately. All around the globe, 
there still are water providers that overexploit water resources through gigantic water 
supply extension works, farmers who use treated potable water for irrigation and 
everyday people who fill their tubs with tap water in order to take a relaxing bath and to 
feel clean. 
Hundreds of kilometres, or sometimes only some meters away, the opposite and less 
pleasant side of the issue is taking place. 3.5 million people die annually from water, 
sanitation, and hygiene-related causes while water coverage is only 63% in countries 
designated as ‘least developed’ (WHO, 2012). Almost 99% of these deaths occur in the 
developing world (WHO, 2008). Children are often obliged to skip a school day in order 
to walk for hours in search of a small volume of water for their families. Very often, they 
retrieve this amount of water from a contaminated well. Most of the 60 million people 
added to the world’s towns and cities per annum live in informal settlements (i.e. slums) 
where there are no sanitation facilities (UN Water, 2008).  
Water is the essence of life as it sustains every form of it on Earth. 75% of the planet’s 
surface is covered by water, and 97% of this is contained in the oceans, leaving only the 
remaining 3% as fresh water. Of this small proportion, more than 75% has the form of 
glacier and polar ice. Lakes and rivers constitute only 0.33% of the fresh water and 
24.6% is stored as groundwater (Patwardhan, 2012). Many developed and developing 
countries face significant problems in maintaining reliable water supplies. This situation 
is projected to continue and to aggravate in the future, partly because of the impacts of 
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climate change, which is expected to affect most the most impoverished people in the 
world (Jowitt, 2009). Growing populations will cause a further increase in the water 
demand, and there are limited cost-effective supply enhancement options (Dharmaratna 
and Harris, 2010). Figure 1.1 shows the water stress in the world in 2012. In the figure, 
the top ten countries are ranked based upon the level of water stress they experience. 
Apparently, there are no data for many of their neighbouring countries (grey shade). 
 
Figure 1.1 Global water stress in 2012 (Maplecroft 2012) 
 
Water scarcity situation is severe in the developing world, with an estimate of about 1.2 
billion people living in 20 “water-scarce” developing countries without access to “safe 
water” (WHO, 2008). It is foreseen that by 2020, more African and Asian countries 
would be in this group. It is estimated that in low and middle-income countries, 1/3 of all 
healthcare facilities lack a safe water source while 2.4 billion people lack access to a 
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toilet (UNICEF and WHO, 2015). For instance, in the case of sub-Saharan Africa, it has 
been estimated that the poorest 40% of the rural population do not have access to piped-
in water and less than half of the population use any form of improved source of water 
(UN, 2014). However, as Jowitt (2009) points out, problems for the poor are not linked to 
supply per se but to the costs and access to supply and services.  
The International Water Management Institute developed a physical scarcity index which 
incorporates the proportion of available renewable water resources for human use from a 
nation’s total water resources (Rijsberman, 2006). If more than 75% of river flows are 
withdrawn, the respective countries are characterized as ‘physically water scarce’. 
Economic water scarcity exists when a population does not have the necessary monetary 
means to utilize an adequate source of water (Paulson, 2015)  
Africa is thought to be the poorest world continent in terms of fresh water being renewed 
every year (WRI, 1986). The world population has tripled in the past century while the 
use of water has increased by a factor of six. 9 trillion cubic meters of water is consumed 
annually, and it is expected that with a growth of 80 million people a year, the demand 
for fresh water is increasing by 64 billion cubic meters yearly. Of the 3 billion people 
who are expected to be born until 2050, 2.7 billion of them will be born in water stressed 
regions (World Water Assessment Programme, 2009). Alcamo et al. (2007) argue that 
water stress will increase in most developing regions in the coming decades, but will 
decrease significantly in industrialized regions. 
 
1.2 Current Challenges for the Water Industry 
1.2.1 Challenges on a Global Scale 
Globally, water utilities are adapting to a new and challenging situation. On the one hand, 
existing drinking water supplies in many regions are fast reaching their limits with water 
demand projected to rise while population is growing. In parallel, climate change and 
new demands on scarce water resources threaten to reduce supply availability. 
Additionally, policy objectives of the water industry in many countries call for a 
comprehensive and transparent comparison of all demand and supply-side options, the 
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incorporation of all the types of cost and benefit (social, environmental and economic), 
and increasingly require the participation of the public (Turner et al., 2010). 
As these challenges continue to aggravate, water utilities face the difficulties of 
accurately predicting water demand, managing the increasing demand, and timing new 
supply augmentation initiatives. Water authorities are experiencing pressure both to 
provide robust solutions and to meet demand reduction targets, which are sometimes set 
with very little assessment of their cost or feasibility in a specific region. These utilities 
should stay financially viable despite any potentially lost revenue through demand 
management initiatives and periods of restrictions due to drought. They are expected to 
provide the best solutions by acknowledging the economic, social and environmental 
constraints involved and often to develop solutions that are outside their sphere of 
control. They then determine a price that offsets the increased costs of more sustainable 
solutions. Consumers, who will share the benefits, like reduced energy bills from water 
efficiency options, will pay part of this price (Turner et al., 2010). 
Under the threat of future climate and environmental changes, large-scale dams are no 
longer seen as the sole option for securing long-term water supply. Since water use is in 
danger of becoming unsustainable, a diverse portfolio of water efficiency, potable source 
substitution with rainwater, storm water and recycled water and new climate independent 
supply options is now required. In addition, the water authorities should be devoted to 
urban water planning and appropriate levels of service should be determined in 
agreement with the customers, so that the frequency and duration of possible water 
restrictions are understood and accepted by everyone (Erlanger & Neal, 2005). 
Department of Environment and Rural Affairs (2011) in ‘Water for life’ promotes 
sustainable water management and emphasizes the need for strong water trading links 
between neighbouring water utilities. 
1.2.2 Challenges on the UK Scale 
Britain’s current and future water supply is facing growing pressure as a result of climate 
change and of increasing water demand due to growing population and lifestyle changes. 
As the Office of Water Services (Ofwat), the water industry economic regulator for 
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England and Wales identifies, ‘Although it seems to rain a lot in England and Wales, 
water is a scarce resource in some parts of the country – particularly in the south and 
southeast of England’. The new path the water industry should follow in a global-scale is 
the management of water demand through innovative methods, tools and procedures that 
promote water conservation (Turner et al., 2010). The USA and Australia are leading the 
way in the implementation of successful water saving initiatives worldwide. A diverse 
portfolio of water efficiency measures is now a requirement for the majority of water 
companies in the UK too.  
Department for Environment, Food and Rural Affairs (2008) states that as a result of 
growing population, and changes in the way people use water in the UK, more than half 
of the public water supply these days is for residential use. On the other hand, water use 
in the industrial and agricultural sector has been declining. Therefore, controlling 
domestic water demand is a priority in the UK. In fact, as Defra in the Climate Change 
Risk Assessment (2012) presents, factors such as population growth and land use change 
may affect water supply and demand more than climate change will.  
In the upcoming years, as the population is growing and ageing, as lifestyle changes 
create the need for more water and as fewer people are living in each household, the UK 
water sector will have to deal with challenges in the provision of adequate water services. 
Unless critical action is taken, every area in the UK may face a supply-demand gap by 
the 2080s (affected population of between 27 and 59 million people) (Defra, 2012). 
Moreover, until 2050, abstraction from many rivers may no longer be sustainable (ibid).  
Extreme weather events and variations that alter drought and flood frequency add to the 
aforementioned pressures. Enforced restrictions due to droughts had been implemented 
seven times from 1989 to 1997 (Memon and Butler, 2006). Jenkins et al., (2008) indicate 
that there is a big chance that the UK will face serious changes in precipitation patterns, 
with drier summers and winters with much more intense rainfall.  
Defra’s strategy (Defra, 2008) aims at reducing residential water consumption from 150 l 
to 130 l per capita per day until 2030. Since 2010, Ofwat has set minimum water 
efficiency goals for the water industry, equivalent to decreasing water use by 1 litre per 
property daily (Waterwise, 2010). As it can be seen from Figure 1.2, other countries are 
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already using less than the average UK per capita water consumption.   
 
Figure 1.2 EU per capita water consumption. Source: Defra (2008) 
 
Several companies in the UK such as Thames Water and Essex & Suffolk Water have 
taken major steps towards residential water efficiency by installing water meters, limiting 
leakage levels, launching information campaigns and by water using devices and fixtures 
retrofits at their customers’ homes. Water meters have been increasingly installed in 
British households during the last decade as a way to manage water demand effectively. 
However still only 40% of households are being metered and charged according to the 
water quantity that they use (Ofwat, 2013). The majority of residential water users are 
being charged a fixed amount annually regardless of the actual quantity they consume. As 
far as leakage is concerned, some water companies have made considerable efforts 
towards reducing water losses recently and these efforts have resulted in significant 
reductions. Effective leakage management contributes to sustainable management of 
water resources.  
Apart from water metering and leakage management, UK water companies also promote 
the installation of water saving devices in households by embarking on water efficiency 
trials. Water saving devices include but are not limited to dual flush conversion devices, 
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water butts, cistern displacement devices, water efficient showerheads and tap inserts. 
The devices are either fitted by a plumber or by the residents themselves and the 
retrofitting is often accompanied by a public awareness campaign in an effort to promote 
change in water use behaviours.  
1.3 Research Justification 
Pilot efficiency initiatives are being launched in the UK since the past decade. However, 
literature on water demand management programmes evaluation is limited, especially in 
the UK and as a result, little information is publicly available as to the magnitude of 
water savings that were achieved in the context of each water efficiency initiative.  
Syme et al. (2000) and Turner et al. (2007) suggest that despite the progress documented 
in the area of residential water efficiency at a global scale, the need for establishing a 
robust evaluation framework is imperative. More specifically, a methodological 
framework that accounts for each water company’s data availability is non-existent. In 
most cases, efficiency initiatives are set up without accounting for each population’s 
characteristics and habits, rather they are formed based on an average consumer. As 
Medd and Shove (2006) point out, there should be a move away from analysis that is 
based on averages and a shift towards a more disaggregated analysis, so that the 
dynamics of real life demand can be understood. These suggestions, in parallel with 
literature review on water demand management studies provide the background to and 
justification for the research objectives outlined in the following section. 
The present research also involved certain delimitations and limitations which are 
discussed in Section 3.1.3 and 6.4 respectively. 
1.4 Research Objectives 
The overall objective of the present study is to contribute to the research field of 
sustainable water resources management and to thoroughly explore the difficulties 
encountered in the evaluation of water efficiency programmes, while suggesting possible 
ways to alleviate them.  
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In particular, the objectives are to: 
• Identify and analyse the factors that influence domestic single family water 
demand. 
• Evaluate the water efficiency programmes’ effectiveness. Determine the water 
savings that are attributed to each programme and explore the causal relationships 
among achieved water savings and household specific characteristics.  
• Suggest alternative steps for water savings evaluation when a company 
experiences data limitations. 
 
1.5 Thesis Structure 
Chapter 2 presents a detailed discussion and literature review relevant to urban water 
demand management and its different approaches, domestic water demand management, 
demand estimation using household and weather data, the drivers of single family 
domestic water use and the effectiveness of water efficiency initiatives. Additionally, the 
chapter discusses the lessons learnt from past studies on residential water demand and on 
water efficiency programmes both in the UK and globally.  
Chapter 3 demonstrates the adopted research methodology and design and it discusses in 
detail the statistical techniques used throughout the analysis section of this study. It 
continues by introducing the reader to hierarchical data structures and the philosophy 
behind multilevel modelling while explaining the formation of the multilevel model that 
was used in this study.  
Chapters 4 and 5 provide details on the available datasets and supplementary information 
available for each case study separately. The data collection procedure is discussed 
followed by initial recognized quality concerns but also data advantages. The results 
produced by this research are presented here as well. First, an evaluation of each 
efficiency programme’s effectiveness using average consumption decrease comparisons 
is presented including all the relevant parametric and non-parametric tests. Second, 
results from regression analysis are discussed. Regression outcomes provided a basis for 
identifying appropriate variables that were finally used in the multilevel models, the 
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outcomes of which are explained in detail in the last sections of these chapters.  
Chapter 6 provides detailed discussion on the research outcomes. It explores the 
relationships found among weather, person driven factors and domestic water 
consumption and compares them to results obtained from similar studies. It further 
outlines the data and modelling limitations that were encountered during this study and 
based on them, it presents an enhanced savings evaluation framework, which takes 
situations of data limitations into consideration.  
The last chapter of this study, Chapter 7, details the key research outcomes and 
contributions to the existing body of knowledge and discusses policy implications for the 
water industry and for water demand management research. Finally, the thesis closes with 
recommendations for future research.  
The structure of this thesis is illustrated in Figure 1.3.  
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Figure 1.3 Schematic of thesis structure 
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Chapter 2. Background and Literature Review 
 
 
 
2.1 Introduction 
This chapter details the literature review conducted in the context of this research. First, 
some broad and fundamental issues which this research is based on, such as Sustainable 
Water Resources Management and Water Demand Management, are discussed to provide 
the reader with the necessary background information before embarking on further 
reading this thesis. Then, the existing techniques to date for analysing residential water 
demand and for exploring its determinants are presented. The last parts of this chapter 
focus on previous residential water efficiency studies internationally, with particular 
emphasis to the methods that were used for the evaluation of water savings resulting from 
domestic water efficiency initiatives, drawing important conclusions which greatly 
influenced the research objectives and methodology in this study. The primary search 
platforms used for this literature review were Pilkington Library Catalogue Plus website, 
provided by Loughborough University, Scopus and Google, while the search terms that 
were used more often were ‘water demand management’, ‘residential efficiency 
programmes’, ‘sustainable water demand management’ and ‘efficiency evaluation’.  
 
2.2 Sustainable Water Resources Management 
Sustainable development is defined as the ‘development that meets the needs of the 
present without compromising the ability of future generations to meet their own needs’ 
(WCED, 1987). In the real world, it is not possible to precisely characterize sustainable 
development. Thus, many of the academics that were interested in sustainable 
development during the past two decades studied the subject from an economics 
background and attempted to assign monetary values to the natural resources through 
financial measures (Dresner, 2002). They contended that the best way to preserve the 
natural resources is to assign them a price according to customers’ willingness to pay for 
the relevant services. The purpose of this is to translate the external costs of pollution, 
 25 
 
resource depletion and health safety into financial terms (Dresner, 2002). On the other 
hand, there are people who think that natural resources belong to mankind and as a result, 
no price can or should represent their value. Therefore, their use should be free of charge 
for everyone.  
Sustainability is a holistic concept in which economy, environment and people should be 
considered in parallel. Current evidence reveals that at least internationally, sustainable 
development is still pursuing a divergent set of policy goals (Ayre and Callway, 2005). 
Sustainable development entails economic, environmental, and social aspects. A 
sustainable system in economic terms should be capable of producing goods and services 
continuously, in order to have debt levels under control, and to avoid extreme sector 
imbalances, which could damage production. An environmentally sustainable system 
should keep a stable resource level, not over-exploiting renewable resources and not 
depleting them until investment is made in acceptable alternative ones. Finally, a socially 
sustainable system should focus on equity, fair provision of social services such as health 
and education, gender equity and public participation (Harris, 2000). 
Dixon and Fallon (1989) provided a useful term of sustainability for water resources 
management with respect to the aforementioned social-physical-economic concept. They 
state that “sustainability of water resources management is a set of activities that ensures 
that the social value of the services provided by a given water system will satisfy present 
societal objectives without compromising the ability of the system to satisfy the objectives 
of future generations”. Thus, water must be considered as an integral part within a 
changing society. 
In 2000, the United Nations set the ambitious Millennium Development Goals (MDGs), 
in an effort to substantially decrease poverty, illness and hunger. Goal 7, ‘ensure 
environmental sustainability’ related to safe drinking water and sanitation: ‘halve, by 
2015, the proportion of the population without sustainable access to safe drinking water 
and basic sanitation’ (UN, 2009). A number of researchers and authors (e.g. Gleick, 
2004; Varis, 2007; Dar & Khan, 2011; Feng, 2015) critiqued Goal 7, suggesting that it 
overlooks local challenges such as infrastructure, costs, distance and political conditions 
in the developing world, as well as climate change. In 2015, the MDG Monitor reported 
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that the number of people with access to improved drinking water sources increased from 
76% in 1990 to 91% in 2015. On the other hand, water scarce countries increased from 
36 to 41 between 1998 and 2011 (Feng, 2015).  
In 2015, the United Nations set a new and more comprehensive set of goals, the 
Sustainable Development Goals (SDGs), one of which, Goal 6.4 aims to ‘substantially 
increase water use efficiency and ensure sustainable withdrawals and supply of 
freshwater to address water scarcity and substantially reduce the number of people 
suffering from water scarcity by 2030’. In the new goals, climate change received much 
greater attention than through the MDGs.  
Societal, political, financial aspects and other determinants create an unfavourable 
environment for sustainable management. The adoption of new technology, new 
management systems and new institutional leadership should operate in a coordinated 
way (Loucks et al., 1999). The United Nations water conference in Mar del Plata and the 
International Conference on Water and the Environment in Dublin in 1977, as well as the 
Earth Summit in Rio de Janeiro in 1992, demonstrated a series of principles, namely the 
‘ecological principle’ which suggests that water in an integral resource within river 
basins, the ‘institutional principle’ which requires the participation of the government, 
public and private sector and the ‘instrument principle’ which recognizes water as a 
scarce economic good and embraces the ‘polluter pays’ principle. These principles 
promote sustainability in water resources management (Nwe, 2008).  
 
2.3 Urban Water Demand Management (UWDM) 
 
2.3.1 An Overview 
Savenije & van der Zaag (2002) describe UWDM as the practical ‘development and 
implementation of strategies aimed at influencing demand to achieve efficient and 
sustainable use of a scarce resource’. Its purpose is to motivate people and to influence 
their water use attitudes, through social marketing, economic and other water efficiency 
programmes (Carragher et al., 2012). The current dominant policy in water resources 
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management however is the management of water supply. This is expressed mainly by 
seeking new water resources each time water demand exceeds the current supply or 
whenever old and depleted water resources are abandoned. This policy is applied through 
the design and construction of expensive hydraulic works for collection, treatment, 
storage and distribution. In this way, water utilities design new supply projects, calculate 
their cost and then they set the price that will cover for that cost, while considering that 
water demand will remain unchanged. Defra’s vision expressed in Future Water (2008) is 
that until 2030 a sustainable use of water resources will be ensured and the Environment 
Agency (2009) report ‘Water for People and the Environment’ draws the attention 
towards demand management.   
UWDM measures have multiple benefits to offer. Reductions in water demand not only 
make the additional amount of water available for serving more people in the urban areas 
but they also reduce the cost of treatment and energy and defer the requirements for high 
capital investment for new supply infrastructure development. UWDM approaches and 
measures are often cost-effective and environmentally friendly (as they often lead to 
fewer water withdrawals from aquifers) compared to supply-driven water management 
practices. Additionally, UWDM reduces pollutants production and therefore the 
requirements for new/expanded wastewater treatment systems. Also, it enables the 
development and adoption of novel solutions and finally it leads to financially sustainable 
systems. Application of one or more approaches would be necessary to achieve 
sustainable water management in an urban area and these should be harmonized with the 
local circumstances (Sharma & Vairavamoorthy, 2009). However, it should be noted that 
urban demand is a human and natural system which is marked by complex interactions in 
temporal and spatial levels that cumulate over space and time (House-Peters & Chang, 
2011) thus care should be taken in order to take into account all the uncertainties 
involved.   
Two different approaches are identified as far as water demand is concerned. Positivism 
is a more traditional approach which makes use of terms such as ‘good ecological status’ 
and ‘water stress’ as major indicators and usually employs qualitative techniques. Post 
positivism on the other hand relies more on detailed case study approaches. Sharp et al. 
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(2011) assert that although it seems unattractive to integrate them, both positivist and 
post-positivist approaches are essential for demand management and forecasting.  
2.3.2 UWDM Approaches 
In general, the commonly applied UWDM approaches can be grouped into three main 
categories: 
STRUCTURAL, TECHNICAL AND OPERATIONAL MEASURES 
 
Non-Revenue water (NRW) and leakage control 
 
Non-revenue water is the difference between the amount of water put into the distribution 
system and the amount of water that is billed to the customers. In other words, it is the 
proportion of water that is being ‘lost’ before it reaches the customers (Kingdom et al., 
2006). It comprises unbilled authorized consumption, unauthorized consumption and 
metering inaccuracies (apparent losses) and of leakage (real losses) (Farley, 2005; Turner 
et al., 2008). Substantial savings can be achieved and the extension of water supply 
facilities can be avoided by reducing the water losses in the distribution system. Leakage 
(from distribution and transmission mains and service pipes) and poor water meter 
management are the main causes of high NRW in both the developed and the developing 
countries. NRW levels of most of the water supply systems in Asia and Africa range from 
20 to 70%, whereas in cities there is an acute shortage of water (Schutte and Pretorius, 
1997; McIntosh, 2003). By reducing NRW, water utilities in the developing countries can 
supply water to unserved sites. Furthermore, a low rate of NRW or leakage is one of the 
best overall indicators of a water utility’s efficient operation. For water utilities in the 
UK, leakage has decreased by 30%, from 228 to 174 litres/hh/d in the last 20 years, after 
having been given mandatory water loss targets (Ofwat, 2000). Toilet leakage (mainly 
dripping cisterns) reduction can vastly contribute to water demand reduction. When 
50,000 buildings had their toilets replaced after a retrofit programme in New York City, 
water consumption was reduced by 37% (Ostrega, 1994).   
Universal metering 
Water metering was one of the first WDM measures applied globally. By assigning water 
a monetary value, users realize that the more they consume, the more they pay. Research 
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from around the world has demonstrated that universal metering schemes can decrease 
consumption up to 56%, although as customers get used to being metered, their 
behaviour may change (Inman & Jeffrey, 2006). In the UK, an Anglian Water scheme 
that was the only one to include switching from non-metered to metered, devices 
retrofitting and education in parallel, showed that considerable water savings were 
achieved (Waterwise, 2010). Parker (2013) in her micro-component study for residential 
use using Anglian Water end use data demonstrates that consumption in unmetered 
households is larger than in metered ones and that this difference may be a result of the 
billing type influence. In 2010, Southern Water, a water provider operating in Kent, 
Sussex and Hampshire, was the first UK water company to apply universal metering, 
installing meters across 90% of households in its region (McAlinden, 2016). This 
pioneering programme was completed in 2015 and was accompanied by leakage 
reduction works. To date, it is reported that domestic water consumption has decreased 
by a total of 16.5% on average, a value greater than the predicted average of 10% when 
meters are installed. Additionally, water bills as well as energy bills have shown 
considerable signs of decrease; 62% of participating homes are saving a mean £162 
annually on water bills. Thames Water, a second water company operating in the South 
East of England, is currently planning to apply a universal metering programme in the 
near future.  
Water restrictions 
Water restrictions are enforcements employed to effectively limit consumption and they 
are mainly used in periods of droughts. The efficiency of water restrictions is well 
documented in the international literature. UKWIR (1996) research revealed water 
savings up to 49%, attributed to such schemes.  
Operational measures 
Some examples of operational measures are staff training for effective leakage detection 
and repair, maintenance of customer meters, optimizing system pressure through efficient 
water pumping regimes, capacity building in the utility to raise the importance of WDM 
measures, and ensuring accountability of the utility staff. More relevant measures 
incorporate the initiation of household water efficiency programmes which usually 
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depend on voluntary participation; maintaining accurate billing systems; easy to use 
customer feedback platforms and services which help customers who want to limit their 
water consumption (Kayaga & Smout, 2011). However, evidence shows that the uptake 
level of retrofitting projects is very low – customers are not being engaged, a fact that 
influences the overall effectiveness of efficiency programmes (Waterwise, 2010). 
ECONOMIC AND FINANCIAL MEASURES: PRICING OF WATER, TAXES AND 
INCENTIVES 
 
Economic and financial measures include incentives such as rebates and tax credits 
and/or disincentives such as penalties and fines to promote efficient use of water. Full 
cost pricing or realistic water pricing is one of the most important and direct options for 
managing water demand and its effectiveness relies on the accuracy of the estimation of 
price elasticity of consumption (Arbues et al., 2010). Grafton et al., (2011) found a 
robust, significantly negative relationship between price and domestic water demand, 
using household survey data from 10 countries. They also state that water efficiency 
campaigns would be more successful if they were accompanied by higher water rates and 
volumetric pricing. Maddaus (1999) explains that in order to achieve demand reductions 
larger than 15%, policymakers should impose rather large price increases.  
Appropriate pricing structures (including volumetric pricing and progressive block 
tariffs) have received considerable attention as a means of demand management. Vagiona 
& Mylopoulos (2009), used personal interviews with customers of the water utility of 
Volos, Greece and concluded that water pricing (increasing block rate structures in 
particular) vastly contributes towards conservation. Whittington (1992), Olmstead et al. 
(2003), Brennan (2007) and Kenney et al. (2008) reached the same conclusion, pointing 
out that the use of price increases for demand reduction is more cost-effective than 
initiating non-price efficiency programmes, at least in the short run. It should be noted 
though that these might not be very effective without education campaigns, leak 
detection, retrofitting, and other complementary actions because water demand in most 
cases has been proved to be price inelastic (Espey et al., 1997). Research rather 
encourages the use of additional non-price demand management policies in parallel with 
conservation pricing (Inman & Jeffrey, 2006). 
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The effect of water pricing differs among groups at different locations and among people 
of different income. Barrett (2004) demonstrated that in households that have gardens, 
demand is more sensitive to price changes compared to houses that only use water 
indoors. The same applies to other leisure activities such as making use of a swimming 
pool. Hajispyrou et al. (2002) in Cyprus concluded that a price increase may be more 
effective in reducing demand in regions of lower income. Mieno & Braden (2011) used a 
fixed effects model to investigate the responsiveness of water demand to water price in 
Illinois, USA, and showed that during winter, income does not have a significant effect 
on water consumption and that temperature has a much more substantial impact on 
demand during summer. Therefore, they suggest that increasing water prices during 
summer months could be an effective way of controlling peak demands. However, price 
increases can be politically difficult or even unacceptable to impose and customers may 
object to them more than they would to increases of less visible sources of revenue such 
as local taxes, which could be used as a subsidy (Olmstead and Stavins, 2009). In 
Pakistan, a recent study reveals that pricing policies have limited effect on consumption 
patterns, an effect that is commonly encountered in developing countries (Ahmad et al., 
2016). Water-saving devices manufacturers should be promoted instead, and subsidies 
should be provided for consumers willing to use such products. Loans should be made 
available for households, institutions and industries for retrofitting with water saving 
devices as Sharma and Vairavamoorthy (2009) and Ahmad et al. (2016) suggest. 
 
SOCIO-POLITICAL MEASURES-LEGAL FRAMEWORK AND REGULATIONS 
PROMOTING WATER CONSERVATION, EDUCATIONAL PROGRAMMES, 
AWARENESS CAMPAIGNS, DEMONSTRATION PROJECTS  
 
One of the factors that influences water demand and should be considered in the 
evaluation process, is the social behaviour with regard to attitudes on water use. Soft 
interventions such as education and public awareness campaigns aim to alter personal 
behaviours and water use habits by spreading the message of water conservation (Hurd, 
2006). Demand management and the implementation of soft interventions require a 
thorough knowledge of the users’ behaviour towards water use and of the aspects of 
water conservation that motivate them (CCW, 2006). It is estimated that turning the tap 
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off while brushing teeth, not rinsing dishes before putting them in the washing machine 
and fully loading washing machines and dishwashers can reduce water consumption 
significantly (Makropoulos et al., 2013). However, research has shown that socio-
political measures such as awareness campaigns usually lead to small changes in water 
consumers’ behaviours, even though people appeared more informed and able to discuss 
water related issues in more detailed terms (CCW, 2006). 
Public awareness programmes 
Public awareness campaigns for influencing the behaviour of customers can be used in 
parallel with other WDM instruments and in a consistent manner so that their 
effectiveness can be maximised. Nonetheless, it is also possible that awareness 
programmes may end up to short-term and long-term water conservation, even without 
being combined with other more powerful WDM initiatives. Some of the most effective 
public education programmes involve the participation of the consumers in the planning 
and implementation phase. In the case of Zaragoza, Spain long term awareness was 
achieved (5.6% reduction in the city’s annual consumption) after a year of 
encouragement towards participation of the local community (UKEA, 1999). On the 
contrary, a study carried out by Thames Water in 8000 households in Swindon, UK using 
mail and advertising made no difference in water demand at all (Howarth and Butler, 
2004). Thus, due to the lack of empirical research, there is a need for thorough 
exploration of the relationship between attitudes and individual consumers’ water 
demand (Jorgensen et al., 2009). 
Many measures can be implemented to raise public awareness and boost WDM 
initiatives. These include not only media broadcasts but also special events such as 
exhibitions and tours to water supply facilities as well as the existence of an informative 
website. ‘Working with non-governmental organizations with environmental education as 
one of their targets has created powerful synergies for the water utilities’ public 
information programmes’ (Kayaga and Smout, 2011).  
Public involvement 
Involvement of the public in workshops can take place in various parts of a project’s 
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cycle and can be very effective but it should be noted that it should be targeted to the 
specific requirements of each stage. Participatory processes are recognized as an essential 
part of sustainable water resources planning and management (UN, 2003). At the 
European level, the European Water Framework Directive 2000/60 (WFD, 2000) sets the 
political and institutional framework for the protection and integrated management of 
water resources on a river basin district level, favouring the active public participation. 
Article 14 of the European Water Framework Directive focuses on the active 
involvement of all interested parties at all levels of water resources management 
(Mylopoulos et al., 2010). 
Educational programmes 
Behavioural changes induced by school education programmes are equally important 
because motivated students will often share their knowledge and excitement with adults 
in the household. Webb (2007) states that knowledge transfer is a critical factor for 
behavioural changes. For greater effectiveness, WDM concepts should be included in the 
school curriculum and where appropriate, the curriculum could include some practical 
tasks related to WDM in a way that appreciation of the environment and water can be 
instilled in a natural manner. 
Regulation 
Policy and legislation could be used in a number of ways as enforcement measures. Some 
examples are: application of abstraction licensing laws to ensure that no one takes or uses 
surface and groundwater without authorization, ensuring that water resource planning 
accounts for resource and customer side management, and that water service providers 
conform to set leakage targets, laws that address meter tampering actions, ensuring that it 
is the water service providers’ duty to promote the efficient use of water to their 
consumers. Other enforcements could involve minimum water efficiency performance 
standards of household appliances, fittings and new buildings (Kayaga & Smout, 2011). 
2.3.3 Source Substitution Options 
Source substitution is a broadly accepted method to mitigate the growing potable water 
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demand and is believed to be a promising segment of the urban water cycle and an 
effective effort towards water conservation. While water demand management (WDM) 
measures can definitely contribute in delaying the need for new sources of water supply, 
they cannot deal with the pressure on dwindling water reserves by themselves. As 
populations grow and rainfall patterns become increasingly irregular, alternative sources 
must become available for consumption.  
Only a small proportion of the water that is being used in both the residential and non-
residential sectors needs to be of high potable quality. Water source substitution includes 
replacing specific drinking water end uses, such as toilet flushing and garden irrigation, 
with water of non-potable quality such as recycled water, grey water or rainwater. Under 
future weather uncertainties, investing in promoting the use of greywater and water butt 
(rainwater harvesting) systems may prove to be more effective in reducing water demand 
than hosepipe bans (Parker, 2013). ‘Changing household infrastructures and watering the 
garden with fit-for-purpose water recycled from within the home, or captured storm 
water may become a real (necessity and) possibility’ (Browne et al., 2012). Water 
savings attained from such schemes can be calculated through a number of assumptions. 
It should be mentioned that limited attention is given to calculating the actual water 
savings that result from the implementation of these strategies (Stewart et al. 2012) and 
even less is given in analysing the carbon emissions that result from some water saving 
options (Fidar, 2010).  
Design of source substitution options requires consideration of (Turner et al. 2010): 
   • Water conservation potential of disaggregated end uses  
   • Chances for source substitution 
   • Application of measures and instruments, and the importance of both structural and     
behavioural factors 
   • Participation rates 
   • Foundation options  
   • Capital and operating costs 
   • Benefits, including avoided costs 
   • Populating and developing an options model 
   • Disaggregation of residential demand in to end-uses for both indoor (Figure 2.1) and 
 35 
 
outdoor demand components (Turner et al. (2010) do not expand on the above bullet 
points). Figure 2.1 illustrates the indoor water end uses of the residential sector. It 
shows that the largest water consumers in UK households are showers and baths, 
followed by taps (kitchen sink and bathroom basin) and WCs. The residential sector 
along with the agricultural, the industrial and energy sectors are the largest water users 
globally (EEA, 2008). 
 
 
Figure 2.1 Disaggregation of residential demand to end uses in the UK (EST 2015) 
 
There is significant opportunity in every region to substitute potable water with water of 
lower quality such as rainwater, stormwater and greywater using the concept of water 
quality cascade. In households, water quality cascading corresponds to matching the 
quality of water with the needs of each particular end use and making use of all water 
sources to meet water service requirements. 
In a typical household, higher quality wastewater discharge from end uses such as 
bathroom (excluding toilets) and laundry (i.e. greywater) can be treated to an appropriate 
level within the household and reused for garden irrigation and/or toilet flushing, instead 
of using high quality drinking water. By employing a water quality cascade, water service 
providers can reduce both the potable water demand and the effluent discharge to the 
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sewers. Rainwater can also be added to the water quality cascade for all end uses (White 
& Turner, 2003).  
The quality of water needed and the ability to use rainwater and/or greywater depends on 
several factors such as the local regulations, logistics of pipe work and cost of 
installation. A potential to use rainwater and/or greywater always exists but option design 
needs to consider whether it makes economic sense based on the unit cost and the 
existing regulations. For example, rainwater tanks may make sense in locations with high 
or regular rainfall and where a tank is plumbed into indoor end uses such as washing 
machines and toilets. Where this is not the case, rainwater tanks can be a very expensive 
option and the savings over-estimated. Usually, rainwater tanks and greywater systems 
are used in new developments rather than old ones, where they can be designed as an 
integral part of the system, thus taking full advantage of their potential by maximizing 
their water savings and minimizing costs (White & Turner, 2003).  
Opportunities for wastewater reuse depend on the region in question. As demonstrated, 
scope to introduce effluent reuse exists but what is practical in reality depends on the 
circumstances of the region (e.g. wastewater constraints, including environmental 
constraints associated with the release of effluent to watercourses, opportunity to use 
treated effluent at adjacent industrial or commercial sites). 
SOURCE SUBSTITUTION WITH RECYCLED WATER 
Recycled or reclaimed water is treated wastewater than can be re-used for non-potable 
purposes such as outdoor use (except for filling swimming pools), toilets flushing and 
groundwater recharge. Water Recycling is characterized as a water supply side policy. 
One type of recycled or ‘reclaimed water’ is grey-water which is wastewater from 
bathroom sinks, shower drains and washing machines but not from the toilet. In case that 
there is a chance of human exposure to the recycled water, more treatment is required.  
In Australia one of the most significant means of water substitution and recycled water 
reuse is the application of dual-water supply in newly developed homes. Dual reticulation 
or ‘third pipe’ system is a method of water supply that consists of two independent 
supplies to the household: one of potable water and the other of non-potable water that 
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has been recycled. Each supply pipe connects to certain water using appliances within the 
house (WSAA, 2002). Water sources such as greywater or wastewater are not suitable for 
irrigating fruit or vegetable gardens. In drought-prone environments, the introduction of 
an additional reclaimed source of water through dual reticulation has the advantage of 
enabling outdoor use when water restrictions are in place. These systems can also be used 
for irrigation of public open spaces.  
Other benefits associated with the reuse of this once considered as a completely 
inappropriate type of water are the reduction of wastewater discharges and reduction of 
the need to secure more drinking water. An implication is that higher quality of reclaimed 
water is needed for some uses, thus there will be more treatment needed and more energy 
spent (Hurlimann & McKay, 2006). An issue to having two supply systems is the 
additional cost of the second pipe network and the additional household plumbing 
required (Anderson, 1996). Finally, there is a risk of adverse health effects if 
householders use recycled water for unintended purposes (Sinclair et al. 2010). 
RAINWATER HARVESTING 
It is a well-known fact that falling rain may be the cleanest water source and its reuse is 
characterized by a long history that starts from the past and lasts until modern societies of 
today, where it is used for irrigation, drinking, toilet flushing and clothes cleaning, right 
after its collection from roofs. The adoption of rainwater harvesting is currently being 
encouraged by the UK government through the Code for Sustainable Homes. In Australia 
on the other hand, more than 3 million people already use rainwater tanks (water butts) 
for drinking water. According to research data, 100,000 rainwater harvesting installations 
have taken place in the USA until today. Various Australian rain tank modelling studies 
have shown tank yields of 26–144 m3/hh/yr in Queensland, Australia, with an average of 
78 m3/hh/yr (MWH, 2007).  
How practical and efficient the rainwater tank use is, is strongly influenced by the 
connected roof area, household occupancy, rainfall rate and the size of the tank. 
Rainwater harvesting usually incorporates cheap materials and straightforward methods 
in the construction of the containers and has relatively low maintenance costs. 
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2.3.4 Residential Water Demand Management  
Although usually industry and agriculture are the largest water consumers, the percentage 
of domestic use in overall water consumption ranges from 10 to 30% in developed 
countries and in Europe it is approximately 150 L/capita/day, but this figure varies 
between different regions due to variations of climate, cultures, natural conditions and 
economies (EEA, 2001). Analysing and projecting residential water demand is a 
necessary task, as cities must meet the water demands of their residents. The estimation 
of water demand under various alternative climate, population growth, and conservation 
scenarios is closely linked to urban hydrological processes and modelling. When dealing 
with water shortages, a community must either develop new water sources or reduce 
demand, or chose to practice both. Residential water conservation programmes can be a 
vital component of water planning. Due to the political, economic and environmental 
constraints to expanding supply infrastructure or finding new water sources, more and 
more water utilities are turning to conservation trials to curb urban demand.  
THE UK CONTEXT 
It has been well established that conservation measures should not be considered in 
isolation but should be integrated into medium or long-term management plans at the 
relevant geographical scale and within the appropriate political subdivisions 
(Dziegielewski, 1999). Conservation is a concept that consumers seem to embrace in 
general, but agreement over certain water conservation practices, especially in the 
residential sector, can prove to be far more difficult to accomplish. As previously 
mentioned, Defra’s strategy (Defra, 2008), aims at reducing residential water 
consumption in England from 150 to 130 l per capita per day by 2030.  
Applying water demand management measures in the domestic sector can be 
characterized as a ‘low regret’ option, as it is low cost and provides relatively large 
benefits given the uncertainty involved in future weather changes (Parker, 2013). The 
corporatisation of the UK water industry led two of its regulatory authorities, the Office 
of Water Services (Ofwat) and the UK Environment Agency (UKEA) to establish and 
endorse procedures to make sure that water utilities manage water demand as well as 
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supply. Current aim for all UK water utilities is to achieve balance between supply and 
demand, and to examine in parallel both demand and supply options, as proposed by the 
Integrated Resource Planning approach (UKEA, 2003), by answering the question ‘how 
can we meet water related needs at least cost?’ (White & Howe, 1998).  
Researchers often explore the effect of water pricing in reducing water use in the 
household. Other work has focused on alternative demand-side management programmes 
such as awareness raising campaigns and use of water-efficient technologies, however 
these studies are limited. 
THE GLOBAL CONTEXT 
The Integrated Resource Planning (IRP) framework, which originated from the energy 
industry’s ‘Least Cost Planning’ framework back in the 1980’s in the United States, is a 
novel approach in water resources management. IRP is a comprehensive decision-making 
process in which a suite of both supply-side and demand-side alternative options are 
evaluated on the basis of predefined, often conflicting water planning objectives and 
uncertainty is explicitly considered (Swisher et al., 1997; Tellus Institute, 2000; NWC, 
2011). It is internationally considered a best practice decision making process, especially 
in the case of water efficiency research. Leaders in IRP in the US are the California 
Urban Water Conservation Council (CUWCC) and the American Water Works 
Association (AWWA) that have established methodologies to account for projected 
future demand and plan for sustainable water conservation options (Turner et al., 2008).  
The principles that IRP is promoting are: water provision, comprehensive water demand 
forecasting, equal comparison of supply and demand options to satisfy demand, options 
comparisons using a common metric, adaptive management and open participatory 
processes (Turner et al., 2010). It is effective mostly in places where a supply-demand 
gap is observed and a thorough analysis of options is required to find sustainable ways to 
fill it. However, as demonstrated by case studies in several Australian regions, IRP has 
significant value in regions with uncertain water availability too. Sydney Water 
Corporation applied the first extensive IRP programme in 1997. That scheme showed the 
way to reduce per capita water consumption by 25% by 2001 and 35% by 2011. As part 
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of this project, the first comprehensive demand forecasting model (end use model) in 
Australia was created. An options model incorporating over 40 different options to 
reduce demand was also developed, consistent with the IRP principles (Turner et al., 
2008). IRP promotes the evaluation and assessment of water efficiency programmes 
effectiveness. As Turner et al. (2006) point out, ‘evaluation forms an essential feedback 
loop to water efficiency teams implementing programs which will enable them to assess 
the effectiveness of programs both individually and overall’. 
The IRP framework provides guidelines as to the methods that can be followed for an 
evaluation of a water efficiency programme. Specifically, Fyfe et al. (2010) in their 
resource paper published by the Institute of Sustainable Futures (ISF) in Australia, deals 
with measuring water savings that were achieved through water efficiency initiatives. 
Their study reviews various methods for savings evaluation, focusing on one technique in 
particular - Matched Pairs Means Comparison approach - which was developed by ISF. 
The method individually matches pairs of similar households based on their water 
consumption profiles, in an effort to create a representative control sample of households. 
The matches between participating and non-participating homes are defined based on 
their consumption prior to programme implementation while the water savings achieved 
by the participating households are identified by the variance found in consumption 
during the post-implementation period. The method therefore assumes that the matched 
participants and control households respond in a similar manner to factors influencing 
their water demand, which is not always the case. Overall it is a useful approach since it 
produces reliable results without the need for supplementary demographic information on 
either the participating or non-participating homes. However, it requires monthly 
consumption records of more than 12 months for a sample of households which is large 
enough that the pairs matching procedure can be successful (the consumption difference 
between each participating home and its assigned control home should be close to zero 
during the pre-implementation period). 
Fyfe et al. (2010) outline a number of methods for water savings evaluation which are 
presented in Table 2.1, along with a description of each method’s advantages and 
limitations.  
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Table 2.1 Data requirements associated with techniques quantifying savings from water 
efficiency programmes. Source: Fyfe et al. (2010) 
 
 
2.4 Approaches to Estimating Residential Water Demand 
Analysing and projecting residential water demand is a necessary task for UK water 
providers and it has received much attention by researchers globally over the last 40 
years. UK water companies are required to forecast their customers’ water demand 
annually and to provide cost-effective levels of service, as part of the 5-year Periodic 
Review process (Defra, 2003). Due to the complexity that comes with understanding 
human everyday water consumption, researchers have been exploring its relationship 
with various factors of influence by employing many different approaches over the years. 
The choice between the different techniques is heavily dependent on the available data 
and on the level of precision required. The forms of data that can be used in econometric 
models are representative time-series data of the group under analysis, which are usually 
applied to small segments of a utility’s service area with relatively common household 
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characteristics (e.g. Danielson, 1979; Grafton & Kompas, 2007), cross-sectional data, 
which are mostly employed for larger and heterogeneous areas (e.g. Beatty et al., 2006) 
and panel data (a combination of the two aforementioned types). Discussion on these 
approaches and some examples of their use in past research follow: 
THE CROSS SECTIONAL APPROACH USING ZONAL METERING STUDIES  
Turnovsky (1969) used regression analysis to find that uncertainty and housing space also 
influenced demand. Foster & Beattie (1979) using Ordinary Least Squares (OLS) 
econometric technique showed that the best estimates of household demand were 
provided when using price, income, rainfall and number of persons per meter as 
independent variables. 
THE CROSS SECTIONAL APPROACH USING INDIVIDUAL HOUSEHOLD STUDIES 
Primeaux & Hollman (1974) used cross-sectional data from a random selection of 
households. 13 variables, including price of water, socio-economic and weather factors 
were employed. The primary determinant was found to be the number of residents per 
household. Foster & Beattie (1979) revealed some interdependency between explanatory 
variables, particularly with house value, lawn area, level of education and number of 
bathrooms using OLS. Thus, it was impossible to determine the specific effect of any of 
the highly correlated factors. Other similar studies were Chicoine et al. (1986), whose 
models tested the consumers’ response to the marginal and average price of potable water 
using Three-Stage Least Squares technique. 
TIME SERIES APPROACH USING ZONAL METERING STUDIES  
Many studies have utilized time series data (Hanke, 1970; Thackray et al., 1978; Russac 
et al., 1991; Rhoades, 1995). Hanke (1970) concluded that more confidence should be 
placed on estimates of demand using time series because cross sectional data are devoid 
of any dynamic influences and he focused on the relationship between demand and water 
price. No real emphasis was placed in the remaining studies on the price of water but they 
explored the influence of household size, property type, the classification of residential 
neighbourhoods (ACORN) and number of water using appliances. As Thackray et al. 
(1978) state, a wide variation in consumption patterns exists even in groups with common 
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characteristics.  
TIME SERIES APPROACH USING INDIVIDUAL HOUSEHOLD STUDIES 
Time series data have also been used to estimate water demand (Turton and Smith, 1976; 
Danielson, 1979; Power et al., 1981; Agthe et al., 1988; Edwards and Martin, 1995, 
Martinez-Espineira & Nauges, 2004). Research showed that household size has the 
greatest effect on demand, with water consumption per capita reducing with larger 
household size (Schleich & Hillenbrand, 2009; Jorgensen et al., 2009). Mylopoulos et al. 
(2004) used a cubic functional form with respect to price and found that the price 
increase should not be uniform for the different blocks of a rate structure and that 
education programmes may be effective conservation tools. Danielson (1979) tried to 
examine the influence of weather on domestic water consumption. In his study, he 
subtracted winter from summer use to estimate outdoor use in North Carolina, which was 
highly dependent on price changes and climatic variables. Martinez-Espineira & Nauges 
(2004) using the Stone-Geary functional form, found that there is a threshold of three 
cubic metres (3000 litres) per capita per month which is highly insensitive to price 
changes. 
TIME SERIES APPROACH USING END USE ANALYSIS (MICRO-COMPONENT 
STUDIES)  
There has been growing interest in micro-component, ’bottom-up’ approaches (end use 
analysis) since the mid-1990s in the residential sector (Butler, 1993; Edwards & Martin, 
1995; Herrington, 1998; Turner et al., 2004, 2006; Gato et al., 2007; Giurco et al., 2008; 
Willis et al., 2009; Beal et al., 2011, Carragher et al., 2012) which enable a more 
proactive approach to demand management and planning. End use analysis provides an 
improved understanding of the frequency and the way that water is used in homes, by 
disaggregating the total household water consumption into end uses. The domestic end-
use water volumes depend on the consumption attitudes of users, the characteristics of the 
appliances installed and the property type (ISF, 2009) therefore these data can facilitate 
the identification of predictors of demand for each use, separately, enabling water 
companies to implement targeted strategies (Beal et al., 2011).  
End use approaches have been mostly examined in America and Australia (e.g. Mayer & 
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DeOreo, 1999; Turner et al., 2003; Giurco et al., 2008; Beal et al., 2011; Makki et al., 
2011; Carragher et al., 2012; Willis et al., 2013) and they have recently emerged in 
Europe (Parker, 2013). End use analysis is the suggested method by Integrated Resource 
Planning framework which was discussed in Section 2.3.4. Micro-component studies can 
be tailored to meet a variety of goals, based on the available budget, time and technology. 
The methods that can be used depend on the level of accuracy needed for the study. The 
less expensive method incorporates manual measurements, log books, diaries of water 
use and questionnaires whereas the more expensive approach involves smart metering 
and sophisticated data loggers and it allows collection of more accurate and detailed data. 
Accurate analysis requires information on the descriptive, behavioural aspects of 
household metered water demand and appliances stock inventories (Giurco et al., 2008; 
Beal et al., 2011).  
Earlier work in this field generally relied upon the co-operation of participating 
households to keep daily records of use (Thackray et al., 1978; National Water Council, 
1982; Hall et al., 1988). Flow meter technologies developed at that time allowed total 
water consumption to be disaggregated from a single household aggregate consumption 
to multiple end uses such as washing machine, bathroom tap or toilet. These data could 
then be combined with demographic profiles, occupancy rates, or climate variables in 
order to explain aggregate household water use.  
Kowalski & Marshallsay (2005) examined daily trends of end use peak and off-peak 
weekdays and weekends in England combining end use data and economic and lifestyle 
data (ACORN and other archives), using WRc’s Identiflow technique. In their study the 
effect of house type, number of properties, socio-economic class and household size were 
taken into account and they concluded that outdoor use is the determinant of water 
demand in the summer peak days. Differences between water usage on summer peak 
days and the rest of the year were attributed to outdoor use.  It should be mentioned 
though that micro-component water usage still cannot be applied to any context other 
than in single occupancy households (Giurco et al., 2008). The first study that correlated 
estimated end use and measured use in South Africa supports that it is more difficult to 
model outdoor water use than indoor end uses (Jacobs, 2007).  
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Gato et al. (2007) used daily water use data for the zone of East Doncaster, Australia, 
total precipitation per day and maximum temperature per day. They formed models for 
base use and seasonal use. Based on the results of their base model, under 15.3 ºC and 
over the precipitation level of 4.8 mm, domestic water demand was not affected by 
temperature. Parker (2013) projected domestic water end uses for 2050 and 2080 
indicating that outdoor use could increase by 4.5 l/day in a hotter/drier climate scenario 
and that larger and unmetered water users are more likely to be influenced by climate 
change. However, she states that climate change will not affect much the probability of 
indoor consumption, which was found to be more sensitive to non-climatic factors than to 
weather.  
Browne et al. (2012) propose an alternative conceptualization of demand management by 
appreciating the way everyday practices create and promote change, ‘letting go’ of water 
and explicitly taking into account the demand distribution. Their study supports that 
current research on end use analysis is over-emphasizing on technological determinism, 
poorly comprehends change and social trends and is over-relied on a linear progression of 
change. They suggest a better understanding of the reasons consumers use water, when 
and how they use it and present two separate methodologies that provide proxies for 
elements in the distributed demand system. In their first approach, they use the measured 
household expenditure for consumption of goods and services as indices for water use 
and in the second one, they use individual level time-use data. 
Although micro component analysis is regarded as best practice in analysing residential 
water demand globally, its implementation was not possible in this study due to the 
absence of end-use data. Collection of end-use data is still uncommon for European water 
companies because of the technologically advanced equipment (smart meters and data 
loggers) that needs to be installed in advance. Thus, water efficiency studies that use 
micro-component analysis are very rare in the UK and European literature.   
PANEL DATA APPROACHES 
Analysis that utilizes panel data is often referred to as pooled time-series cross-sectional 
analysis. In these models, a data set that contains repeated observations of subjects over 
multiple time periods and that takes into account subject specific variability is used. 
 46 
 
Many publications that make use of this type of analysis can be found in the literature 
such as Hoffman et al. (2006), Worthington et al. (2006), Arbues et al. (2010), Polebitski 
& Palmer (2010), Mieno & Braden (2011) and are regarded as an improvement over the 
traditional regression methods because of their ability to produce more consistent 
estimates than Ordinary Least Squares techniques, if they are used properly. In this 
research study, the panel data approach is used for the multilevel analysis stage. The 
study subjects are customers’ households while the repeated measurements are 
monthly/six-monthly water consumption records and climate data. 
2.5 Residential Demand Estimation from Household and Weather data 
The focus of residential water demand management research has been the exploration of 
the key factors that influence consumption in the households (Figure 2.2) and the 
development of models that are able to predict this demand in the short or the long term. 
Long term domestic demand forecasting is needed for long term planning, pricing and 
sustainable infrastructure design. According to Memon & Butler (2006), demand 
forecasting techniques should combine the influence of: variability in space and time, 
properly estimated water conservation measures and the extent at which these could be 
adopted in the future, characteristics associated with the use of appliances (ownership, 
volume consumed per use etc.), lessons learnt from previous demand forecasting studies 
and longitudinal data of past consumption trends.  Usually, water demand forecasts are 
obtained by explanatory variables such as price, household size and climate variables 
using linear regression models. The majority of the demand management research deals 
with suburban Western American settings and Australia, and to lesser extent the United 
Kingdom. 
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Figure 2.2 Factors influencing water demand. Source: Turner et al. (2010) 
 
Water utilities in the UK are encouraged by Ofwat to include forecasts of residential 
demand within their planning practices. Despite the benefits that residential demand 
analysis has to offer, relatively few studies have incorporated household water demand 
forecasting in the UK. On the other hand, the limited body of research reveals that it is 
often hard and costly to gather the large amount of different data needed to complete 
accurate demand forecasting (Memon & Butler, 2006). Due to vast influences by local 
political, economic and meteorological factors, cultural norms, changes in population, 
adoption of demand reduction projects, technology and several more factors, it is hard to 
completely understand household water use (Arbués et al., 2010). As noted by McDonald 
et al. (2003), projecting water consumption is further complicated by ambiguity related to 
climate change provisions, hydrological modelling and supply calculations. ‘Everyday 
Water’ project in Australia concluded that a thorough comprehension of the complex 
patterns of domestic water consumption is a necessity so that the considerable cultural 
changes needed for a sustainable water future can be accomplished (Allon & Sofoulis 
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2006).  
Following Shove’s (2003) study which addresses the question of when new conventions 
become normal and to what extent they affect sustainability, Allon & Sofoulis (2006) 
contended that ‘while the three Cs, comfort, cleanliness and convenience, do not 
represent the full range of ordinary practice, they do encompass the environmental hot 
spots of consumption’.  
WATER DEMAND AND THE PRICE OF WATER 
Many economists have attempted to understand the effects of different types of economic 
structures by estimating demand functions and calculating elasticities of the parameters 
that may have an effect on residential demand, using regression. Hence, researchers have 
produced various types of econometric models so far to relate water consumption to price 
and one or more variables (consumer income, number of people living in the household, 
dwelling type, temperature, precipitation, and others). As already mentioned, the 
predominant variable used in most models, particularly in the early literature, tends to be 
price. Gaudin (2006) used aggregate cross-sectional data and OLS analysis and 
demonstrated that when customers knew the average price of water, which was written on 
their bills, elasticity of demand was increased by 30%. It should be noted though that 
under a certain volume of water consumption, demand is often found to be unresponsive 
to price change (Martınez-Espineira & Nauges, 2004). 
WATER DEMAND AND HOUSEHOLD SIZE 
Russac et al. (1991) examined the water use of 969 households over a 3-month period in 
1989 in Hertfordshire. They note that the most influencing factors of water consumption 
in their study were the number of water fixtures and household size and further observed 
that daily average household consumption covers up the big variations in water use 
within households, explaining that much more consumption was attributed to retired 
people living in one-person households than to adults. Lux (2008) supports that the 
increasing number of small households and of people living alone aggravates the 
inefficient use problem and some researchers suggest that children may use water less 
carefully than adults. Beal et al. (2011) in their end-use research in South East 
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Queensland found that larger households use water more efficiently than single 
occupancy or smaller households, while Al-Noaimi (2004) concluded that a 10% increase 
in household size would produce a 3% decrease in PCC. Additionally, Hoglund (1999) 
and Arbues et al. (2000) describe that due to economies of scale in discretionary and non-
discretionary uses such as car washing, there is a household size threshold beyond which 
these economies of scale diminish, thus causing water consumption to be less than 
proportional to the number of occupants. What this finding essentially means is that 
doubling the number of residents does not double the total water consumption of the 
household. 
WATER DEMAND AND BEHAVIOURS 
Water demand appears to be linked to water use habits and attitudes towards conservation 
as well (Nancarrow et al., 1996; Syme et al., 2004; Willis et al., 2011). However, little 
consideration has been given to the social aspects of residential water demand which 
according to Athanasiadis et al. (2005), can be addressed by dynamic agent-based social 
models. Other researchers that have studied residential water demand through a 
behavioural perspective have often used models that were based on the Theory of 
Planned Behaviour (Gregory and Di Leo, 2003; Lam, 2006; Jorgensen et al., 2009), 
which is a socio-cognitive model for determining human decision making, developed by 
Ajzen (1991). Lam (2006) found that beliefs about how neighbours would act on water 
conservation had a positive effect on water saving intentions. On the other hand, as 
Fielding et al. (2012) stress, the evidence of whether conservation intentions translate into 
actions is not enough because self-reported behaviour is rarely linked to real household 
water demand.  
WATER DEMAND AND CLIMATE 
Water use research has long established that there is a significant positive relationship 
between consumption and temperature and inverse relationship between consumption and 
precipitation (House Peters and Chang, 2011). Lyman (1992) found that rainfall is 
negatively related to water demand whereas temperature has a positive impact and he 
states that an effective way to reduce wrong elasticity estimates is to take the effect of 
demand determinants in peak and off-peak periods in account. Microsimulation research 
 50 
 
conducted by Otaki et al. (2008) in a middle-developed country, Thailand, states that 
there are no major differences in water consumption between the dry and the rainy 
season. In his study on peak 7 day demands in Sussex, Hampshire which used micro 
component analysis, Herrington (1998) contended that climate was responsible for 30–70 
per cent of the variation in peak demands. Goodchild (2003) examined the relationship 
between summer 7-day average household water demand and climate change, 
incorporating an empirical multivariate model. Goodchild recognized that his model 
under-predicted the highest peak demands and the findings of his study are based on an 
aggregate household demand data approach. Evapotranspiration (ET) was proven to be 
the most powerful predictor. Espey et al. (1997) used meta-analysis (combined data from 
two or more studies) and concluded in the same finding.  
On the other hand, there are numerous studies showing that the most accurate predictor of 
water consumption is precipitation (Maidment & Miaou, 1986; Martinez-Espineira, 2002; 
2004). Maidment & Miaou (1986) accounted for seasonal variability of demand by 
separating it into weather insensitive (winter) and weather sensitive (summer) use and 
pointed out that from 4 to 21oC, water use is unresponsive to maximum temperature. 
Martinez-Espineira (2003) suggests that climate is not one of the key factors that 
influence water demand, especially in areas with cooler climates, less tourism and low 
income per capita. It has been demonstrated by Kenney et al. (2008) in their mixed fixed 
effects instrumental variables approach, that people are more than twice as sensitive to 
price during periods of severe droughts.  
Balling et al. (2008) in their study in Arizona, USA concluded that demographic 
variables (including household size) are not strong predictors of how sensitive 
consumption is to variations in temperature and precipitation. Additionally, House-Peters 
et al. (2010) report that sensitivity of a household’s consumption to drought depends on 
the property characteristics rather than on socioeconomic attributes, especially in the case 
of the household’s external water use. Interestingly, in their study, the most drought-
sensitive census blocks contained newer houses.  
Downing et al. (2003) did an extensive research study on demand management, 
forecasting and sensitivity on climate variations using dynamic modelling (CCDeW 
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project). They extended the reference scenarios of future water demand by the UK 
Environment Agency (detailed monthly inventory of micro-components by resource 
zone) until 2050 and used several climate change scenarios. The UKEA database was 
linked with the Atkins 50 km resolution climate change scenarios. For each scenario, at 
50km resolution, the UKCIP02 database included rainfall, temperature, relative humidity, 
radiation and wind speed. The UKCIP02 database provided climate change data for three 
time slices (2020s, 2050s, and 2080s) and for four core emissions scenarios (Low, 
Medium-Low, Medium-High, and High). Monthly rainfall, mean, maximum and 
minimum temperatures were computed for 52 zones. The effects of climatic changes 
were demonstrated via a dynamic simulation model, which was run for zones where 
detailed demand data were available and validated to a small extent against historic data. 
The model was calibrated to the Environment Agency’s scenarios and the results were 
scaled up from water zones to the regional level, using regression techniques. They 
indicate a modest increase in average household demand of 1.8% by 2020 across the UK, 
which is climate change dependent, apart from an increase from 162 l/h/d in 1997 to a 
range of 118 to 203 l/h/d in 2025, which is the conclusion of their socio-economic 
scenario. In this research, an agent based social simulation model was developed. 
However, the model did not account for extreme weather events and leakage. As Gober et 
al. (2010) state, climate change adds uncertainty to the calculations and it might reduce 
the accuracy of using historical weather patterns as they will no longer be strong enough 
to be used for climate - sensitive water demand projections.  
WATER DEMAND AND SOCIODEMOGRAPHIC FACTORS 
Much research has been devoted to exploring the effects of household income on user 
demand (Foster & Beattie, 1979; Garcia & Reynaud, 2004; Schleich & Hillenbrand, 
2009; Willis et al., 2009; WRF, 2010; Mieno & Braden, 2011; Dharmaratna & Harris, 
2010) and in the vast majority of cases, it shows that wealthier households consume more 
water per person than financially stretched ones. Although there are climatic variations 
across the UK, intra-urban water demand appears to be mainly a function of income, 
which influences the acquisition of water-using goods and household composition 
(Clarke, 1997).  
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Geodemographic systems are commonly used in the UK domestic demand literature. One 
of these is ACORN (A Classification Of Residential Neighbourhoods), which was 
developed in the UK and it has been used as a proxy variable for income and social status 
in several UK studies (see Table A17-Appendix). It is based on a socio-economic 
segmentation of households and it ranges from class 1 (Affluent Achievers) to class 5 
(Urban Adversity) while there is also category 6, that refers to not private households. 
However, a study conducted in London showed that ‘there are significantly different 
consumption figures for the same ACORN classifications and also similar consumptions 
occur with different ACORN groups’ (Clarke et al., 1997). Maksimovic et al., (2003) 
argue that a very large sample of households would be required to ensure that the sample 
was representative of each ACORN class as it is possible that a household is not typical 
of the class in which it is situated. On the other hand, other studies have found ACORN 
class to be a significant predictor of water use (Edwards & Martin, 1995; Kowalski & 
Marshallsay, 2005). 
Other research studies have looked at the way age and multiculturalism affect domestic 
water consumption. Although there are only a few studies incorporating age as a factor, it 
is generally accepted that the elderly tend to consume less water in their homes than 
younger people (Nauges & Thomas, 2000; Gregory & Di Leo, 2003; Domene & Sauri, 
2006; Musolesi & Nosvelli, 2007). On the other hand, Schleich & Hillenbrand (2009) 
found that water use increases with age. Others suggest that immigrants in metropolitan 
areas may be more conservative regarding their water use than the local population, 
especially if they originate from developing countries, where water scarcity issues are 
more intense (Nauges & Reynaud, 2001; Corbella & Pujol, 2009). However, it is also 
suggested that water consumption is more affected by ethnicity, rather than religion 
(Smith & Ali, 2006).  
Clarke et al. (1997) used a microsimulation technique (category of computerized 
analytical tools that perform highly detailed analysis of activities and operate at the level 
of individual units) to estimate water demand in Leeds by wards and enumeration 
districts. They grouped the households based on income, size, tenure, presence of water 
using appliances and estimated annual household demand. Williamson et al. (2002) used 
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a ‘static micro simulation’ method in their study. A 30% increase in household water 
consumption was predicted for the Yorkshire Water region from 1991 to 2025 and the 
most probable cause of this increase was consumer behaviour change. They compared 
these results with those resulted from Herrington’s research (1996), who used a micro-
components based model, stressing that the demographic part of his model was driven 
only by changes in average household size. However, they acknowledge that their model 
has limited application to small areas. Advocates of ‘static microsimulation’ claim that 
this technique addresses the limitations that micro-component studies have, such as the 
lack of spatially relevant information on trends, by incorporating enhanced spatial 
resolution and a stronger approach to dealing with household consumption monitor data 
that usually suffer from bias.  
2.6 Effectiveness of Domestic Water Efficiency Programmes-Lessons Learnt 
from Previous Studies 
Many researchers have tried to find the factors that determine people’s water 
conservation behaviour. Studies have shown that information, environmental attitudes, 
and a number of socio-demographic factors such as age, sex and education are powerful 
predictors of conservation behaviour (Miller & Buys, 2008). Dolnicar et al. (2012) 
demonstrated that previous experience of water restrictions and changes in behaviour due 
to restrictions lead to water conservation using self-reported behaviour datasets. Corral-
Verdugo et al. (2002) showed that when consumers knew that their neighbours waste 
water, their own consumption increased because their conservation motives decreased. 
Research by Berk et al. (1993) demonstrated that wealthier and educated consumers were 
more likely to adopt water savings habits, mainly because they could afford buying more 
water saving devices for their homes, a finding that is also supported by Kemmelmeier et 
al. (2002) and Millock & Nauges (2010). However, in a study conducted in 22 
municipalities in Barcelona, Domene and Sauri (2006) found that income had no effect 
on conservation behaviour.  
On the other hand, affluence has been documented by several studies as a household 
characteristic that positively affects water consumption. Income as a variable has been 
used in a plethora of water conservation studies (e.g. Mitchell, 2001; Corral-Verdugo et 
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al., 2002; Gregory & Di Leo, 2003; Tinker et al., 2005; Harlan et al., 2009) showing that 
wealthier households consume more water per person than smaller and less affluent 
homes and that sometimes the effect of high income outweighs the effect of water 
conserving appliances. For this reason, several researchers conclude that household 
conservation programmes should be best targeted to lower income homes, since they are 
more likely to produce much bigger savings than affluent ones, provided that the water 
efficient products are offered free-of charge (Turner et al., 2005a; Inman & Jeffrey, 
2006). This hypothesis is being tested in the present study as well. 
Gilg & Barr (2006) in their research in Devon, UK, performed a cluster analysis of 
survey data using a sample of 1256 households. They formed four clusters of people 
according to their attitudes towards environmentalism, namely the committed, the 
mainstream, the occasional environmentalists and the non-environmentalists. Following 
that, the clusters were examined in the context of their socio-demographic characteristics 
and a number of attitudinal factors with the purpose to assess the link between water 
saving behaviour and the way different types of environmental activists behaved. Their 
research results indicate that the committed environmentalists are older than the non-
environmentalists and that the former live in smaller households than the latter. Also, the 
committed ones tend to own their homes, live in terraced houses and vote for Green and 
Liberal Democrats whereas the less committed group usually have lower incomes, are 
male, younger people who are politically apathetic. 
Water demand management research worldwide is currently focused mainly on the effect 
of price strategies on managing demand. As Millock & Nauges (2010) recognise, 
technological changes such as retrofit programmes and other non-price policies have 
gained less attention, mainly because of the lack of adequate data. Even in the cases when 
researchers explore the effect of technological changes on water demand, they use 
regression analysis, using dummy variables for the effect of demand management 
initiatives so that their effect on water consumption can be explored, without further 
assessing the actual water savings these initiatives may have caused. In the majority of 
the instances they usually rely on engineering assumptions of the expected demand 
reductions (Kenney et al., 2008). House-Peters et al. (2010) state that conservation policy 
would benefit from the identification of the socioeconomic and physical attributes of the 
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census blocks that appear to be more sensitive to drought and climatic changes as this 
would lead to the determination of more effective targets for conservation initiatives. 
Furthermore, there is no thorough and robust evaluation framework for water 
conservation programmes yet and as Jorgensen et al. (2009) point out, the theoretical 
underpinnings of evaluation attempts are adopted from general theories of environmental 
and consumer behaviour developed in non-water contexts such as household energy 
conservation and consumption of private goods. They also add that the numerous studies 
globally have found different significant factors that affect water demand in households 
and that the regression models that are developed have small explanatory power (R2 
≤0.30). 
Some researchers warn that offsetting behaviour can negate conservation efforts by 
altering the effectiveness of a water saving device and that this should be kept firmly in 
the mind of policy analysts. Hills et al. (2002) revealed that voluntary participation, the 
awareness of being monitored (aka. the Hawthorne effect) and lack of representative 
samples negatively influenced the assessment. It is suggested that people engage in 
offsetting behaviour if they know that the devices that are installed in their homes 
conserve water. 
Millock & Nauges (2010) formed four Probit regression models, one for each type of 
water-efficient devices examined (washing machines, toilets, showerheads and rainwater 
tanks), collected data from 10 countries of around the world and examined the driving 
factors of adoption of this equipment in households. From the socio-economic and 
demographic variables that were used, ownership status, household size and income were 
found significant for all four models. Environmental commitment, a behavioural variable, 
showed a strong influence towards the adoption of water saving equipment. The impact 
of metering was significant for the adoption of the equipment except for rainwater tanks. 
AUSTRALIAN RESEARCH  
As increasing the supply of water became more expensive, water managers sought ways 
to curb water demand through a variety of instruments. In 1995, a $3.5M conservation 
scheme for 30,000 customers in Kalgoorlie-Boulder, Australia was carried out (Botica et 
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al., 1996) with the objective being to reduce the costs of providing potable water 
permanently and to delay the need to increase future capacity. This scheme was the first 
to explore in detail a significant mix of options such as free retrofitting of toilets and 
showerheads, garden irrigation programmes and a public awareness campaign. The study 
involved using expertise in water efficiency programme design, economic analysis, 
marketing and advertising, demographics and demand analysis (White, 2007; Turner et 
al., 2008).  
In a study by Stewart et al. (2012), the effect of shower display monitors was evaluated. 
The monitors beeped loudly after the end of a shower’s predefined time and although this 
method was initially successful in reducing a shower’s duration by almost 30%, shower 
use increased back to pre-installation levels after four months. 
In a recent experimental study in Australia, researchers trialled three voluntary methods 
for residential water conservation:  information about how to save water in the household, 
descriptive norms (information about the actions that low water using homes do to save 
water) and water end-use feedback (personalised postcards sent to households, informing 
them about their consumption) (Fielding et al., 2013). For the 221 households of the 
sample, baseline end-use data and water use survey data were already available. Using 
growth curve modelling, they concluded that all measures were effective in reducing 
demand, even under abundant rainfall conditions. However, demand returned to pre-
intervention levels 12 months after the implementation. This suggests that long-term 
effectiveness of such voluntary programmes may be dependent upon continued 
implementation of conservation strategies. Finally, there were some limitations to this 
study such as the bias resulting from self-selection of the sample. 
As previously mentioned, Australia is the leader in residential water efficiency 
programmes currently. This might be due to the major droughts that the country has 
experienced in the recent decades. Even in the case of Australian research, the publicly 
available information about water savings that were achieved is limited. Fyfe et al. (2009) 
documented savings of between 8.5 and 12.4 m3/hh/yr for a showerhead exchange 
programme in Melbourne while Turner et al. (2012) observed approximately the same 
levels of savings for another showerhead exchange programme of Hunter Water 
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Corporation (HWC) and savings of approximately 20 m3/hh/yr for a toilet retrofit 
programme. 
AMERICAN RESEARCH 
The accuracy in measuring the effectiveness of water conservation initiatives has 
been the Achilles heel of urban water planning, as Mayer & DeOreo (1999) have 
quoted in their research. Moreover, the majority of the existing literature pertains to 
the short-term effects of campaigns rather than their effectiveness on the long run. 
Michelsen et al. (1999) were among the first researchers to assess the impact of 
non-price conservation programmes on residential water demand. Unlike previous 
studies that examined a single conservation programme over a short period, their 
research provides insight into the effect of a large number of non-price initiatives such 
as public information and school education programmes, retrofit and permanent or 
temporary ordinances in the southern United States over 11 years. Their cross-sectional 
monthly time series demand model indicates that non-price conservation initiatives can 
effectively reduce demand; however, their study cannot distinguish the effectiveness 
of every single programme. As indicated by Renwick & Green (2000), more stringent 
mandatory non-price efforts were more successful in reducing residential water 
demand than voluntary measures in eight urban Californian communities. This 
research utilized agency level cross sectional monthly data for an 8-year period and it 
further stressesed the fact that more research is needed in terms of the impact of each 
single demand reduction initiative on overall demand reduction. An earlier study in 
California by Corral (1997) came to the conclusion that indoor education programmes 
and low-flow fixtures did not cause a reduction in water demand. 
Kenney et al. (2008) showed that water saving devices installed in homes in Colorado 
reduced consumption by 10%. In another study in California, Renwick & Archibald 
(1998) used household level monthly time series cross-sectional (panel) data from two 
communities for a six-year period to assess the influence of different demand side 
management policies on water use. Their econometric model estimated that water 
allocation reduced consumption by 28.2 percent while landscape irrigation restrictions 
reduced it by 16 percent. The authors suggest that to achieve the required demand 
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decrease efficiently, regional demand needs to be disaggregated based on the specific 
characteristics of a community. Mayer et al. (2003; 2004) used a data sample from 
homes at 3 American cities and their purpose was to explore the relationship between 
retrofit programmes and indoor water demand. Their studies concluded that the biggest 
potential for water conservation resulted from the retrofit of toilets and washing 
machines. 
Many researchers have mentioned that water conservation methods often lead to 
‘demand hardening’. According to Lund (1995) demand hardening is the decrease in the 
effectiveness of   short-term   conservation   initiatives   after   the   long-term   
implementation   of   water conservation efforts and efficiency returns. Geller et al. 
(1983) suggest that ignorance of being monitored prevents offsetting behaviour. In 
Phoenix, Arizona, Campbell et al (2004) explored the effect of non-price efficiency 
programmes among others and found that regulation forcing the installation of water 
efficiency products resulted in a 3.5% reduction in demand. In this study however, in the 
case of free water saving kits distributed to people’s homes, consumption appeared to 
increase, indicating a possible rebound effect. Mayer et al. (1998) indicate that after the 
installation of low-flow showers, the residents may take longer showers.  
Water Research Foundation (2010) produced an extensive report on the customers’ 
responsiveness to communication campaigns for seven water agencies in Northern 
America. Residential customers’ water conservation behaviour that was assessed 
through mail surveys (963 distributed), were compared to their respective historic water 
consumption data (2-year data) so that communication campaigns of the participating 
utilities could be evaluated. The research findings were analysed against results from 
Mayer et al. (1999) for benchmarking purposes. Interconnections among various 
demographic and other factors and water consumption were also investigated through 
multiple regression analysis. Type of residence (single family or other), number of 
bathrooms, household size and household income were found to be the major 
influencing factors on water use. The social marketing approach was used in this 
research. 
The study of Lee et al. (2011) is among the few ones that evaluate water savings from 
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each water efficiency programme individually. They assessed the effectiveness of three 
demand reduction programmes that took place in Miami-Dade County, Florida, which 
involved the use of water saving appliances (showers, toilets and clothes washers). They 
examined the longitudinal effects on water demand using the year before the installation 
as the base year and by analysing the consumption of the 1829 households involved for 
three more years. They found that although there was no significant change in 
consumption for the first year of the programme’s implementation, substantial savings 
were observed for the second and third year (15.6% for the toilets retrofit programme). 
They attributed this change partly to the reduction of leakage that came from the 
replacement of old toilets. For the high efficiency washing machines programme, the 
savings were 14.2% for the second year and for the high efficiency showerheads 
programme they were 8.2% and 12.2% for the second and third year respectively. 
Tsai et al. (2011) used statistical hypothesis testing combined with controlled 
experiments to examine the effectiveness of four pilot water conservation strategies in 
communities in Ipswich watershed, Massachusetts. They used non-parametric statistical 
methods because of the small available samples and they compared the consumption of 
the homes that participated in the programme to that of a control group that did not. 
Weather-sensitive irrigation controller switches reduced the variability of water use 
among domestic participants, mainly via reducing the water use of the highest water 
users. On the other hand, reduction in water use caused by rainwater harvesting could 
not be discerned. However, their efficiency showed improvement in the second year, 
which may be due to either different rainfall patterns or to the existence of a learning 
curve (participants got used to their operation). Audits and appliance rebates 
programmes were also part of this study. The majority of them showed statistically 
significant but modest reductions in consumption, resulting in 3,950 cubic 
meters/quarter savings for the first four years of the implementation. 
Polebitski and Palmer (2010) used a 12-year panel dataset of bi-monthly periods on the 
census tract level and developed three linear regression models (pooled, fixed and 
random effects). They established that water demand within small spatial resolutions 
can be accurately predicted using these methods. Their research also showed that 
mandatory and voluntary water curtailments (without water pricing components) were 
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effective in decreasing per capita consumption by 27 and 12 per cent respectively and 
that as income, lot size and family size increase, the effectiveness of the curtailments 
decreases. 
UK EFFICIENCY PROGRAMMES AND TRIALS 
Over the past 20 years, UK water companies have embarked on several domestic water 
efficiency projects and trials. The next paragraphs explore the extent to which some of 
these programmes were successful in reducing water consumption and highlight the 
limitations encountered in each initiative. 
In 2008, the Preston Water Efficiency Initiative was launched by a partnership which 
included Reigate and Banstead Borough Council, Raven Housing Trust and Sutton and 
East Surrey Water. The project aim was to reduce water consumption in social housing 
tenants by installing water butts, dual flush toilets, water efficient showers and curtains 
in 160 properties, among other activities. During the project, control groups monitoring 
was considered unreliable thus the analysis of water savings was undertaken without 
taking external influencing factors into account, increasing the uncertainty of the results. 
A uniform 2.2 persons/house average value was adopted throughout the analysis, rather 
than taking advantage of the occupancy information availability for each property 
individually. Analysis showed a 14% reduction in consumption of social housing 
tenants, slightly less than the anticipated savings, calculated from micro component 
data. Another efficiency programme targeting social housing properties was undertaken 
by Wessex Water in 2008/2009 in Bath, Somerset, containing 156 flats. A subgroup of 
flats received dual flush devices retrofit, another subgroup received education visits 
while other flats received both. Water savings were 6.2%, 6.3% and 9.1% for each 
subgroup respectively, showing that water saving devices combined with educational 
campaigns were more effective in reducing consumption. A control group was also used 
in this programme. Once again, the analysis was carried out in blocks of flats and not on 
a more precise individual household basis.  
313 metered households embarked on water audits, organized by United Utilities, UK. 
A control group was also used in this project-the consumption reduction of the control 
group was subtracted from the calculated savings of the study group as it was regarded 
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as a change due to external factors. Regression analysis, modelling the relationship 
between pre-intervention and post-intervention consumption of the study group showed 
a consumption reduction of 6.8% (20.6 litres/property/day). However, the study sample 
was recognized as not representative of the customer base as it included ACORN class 1 
and 2 properties exclusively.  
Anglian Water’s Ipswich WEM Trial (2007) involved free water audits and installation 
of various water efficient devices (Waterwise, 2010). The participants also completed a 
questionnaire, providing useful water use and demographic information. The final 
participants’ sample which comprised 552 properties, showed an average consumption 
decrease of 14.2%. The 90% confidence intervals resulting from T-tests however 
showed that there was between a 50% reduction and a 21% increase in water use - a 
very broad band of savings. The use of a control group was not feasible for this study. A 
more recent project carried out by Anglian Water, called ‘Love every drop’ which 
involved free household water audits and retrofits between 2013-2015, is reported to 
have saved approximately 9.9 l/hh/d (Ashton et al., 2015). Savings calculations 
incorporated before-after tests and control groups. 
Thames Water recruited a study sample of 727 metered properties for a water saving 
programme between 2006 and 2008. In parallel, a control sample of 109 properties was 
also used, however its small size increased the level of uncertainty in the results. 
Plumbers installed a number of water efficient devices in participating households 
which led to a reduction of almost 8% from before to after the retrofitting. The 90% 
confidence intervals given were again very broad, indicating the lack of precision in the 
analysis method. It should also be noted that although all study sample consisted of 
metered households, only some of the meters were used for billing. Between 2007 and 
2008, Thames Water embarked on a second trial, distributing 1754 water saving kits to 
households in London. Once more, not all the metered properties that took part were 
billed based on their meter readings. Although the confidence intervals of water savings 
were very broad, analysis showed that 59% of metered households saved water as 
opposed to unmetered ones, 27% of which saved water (Waterwise, 2010).  
Severn Trent’s (STW) Residential Efficiency trial was initiated in 2007 and involved 
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installing dual-flush conversion devices, cistern displacement devices and tap inserts in 
717 metered properties in Nottingham and Worcester that volunteered to participate in 
the programme. No control group was included in this trial; therefore, external 
influencing factors could not be excluded. According to Waterwise (2010), 65% of the 
participating properties reduced their consumption after the trial. However, the exact 
proportion of demand reduction that can be attributed to the trial itself cannot be 
accurately approximated. Analysis also showed that the theoretical savings 
overestimated the measured savings.  
Essex & Suffolk Water (ESW) has been distributing water saving kits to their customers 
since 2011. The products included in the kits are shower aerators, save-a-flush devices, 
tap inserts, universal plugs and shower timers. Research by Ashton et al. (2015) which 
included properties that had requested a kit from 2011 to 2014 and a control group of 
households indicated a significant saving of 3.6 l/hh/d, which was attributed to the 
saving kit distribution. EcoFIT programme, was a single-flush to dual-flush toilets 
conversion project, initiated by ESW in 2012. Using a sample of 330 households that 
had been involved in the programme, an impressive mean water saving of 29/l/hh/d was 
calculated (Ashton et al., 2015). It should be noted though that there was no clear 
information about whether these properties had their toilets converted to dual flush or 
they had a save-a-flush device fitted instead and that the consumption data that were 
used comprised short term meter reads only (four weeks before and four weeks after 
installation).  
2.7 Synopsis of Lessons Learnt from Previous Studies 
2.7.1 Household Water Demand Studies 
International and UK studies have examined the effects of various possible influencing 
factors to residential water demand. Apart from the price of water, the factors most 
commonly explored in the literature are household demographics and weather related 
ones, while age is one of the least examined variables. Household income, occupancy, 
property size and precipitation are some of the most frequently used determinants in 
water demand models and their effect on domestic consumption has been well 
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documented.  
The effect of price of water was not examined in the present study for various reasons. 
First, it has been shown that water demand is fairly price inelastic and most UK 
households are currently billed a flat yearly rate which covers the domestic supply and 
quality maintenance costs and which does not vary enough from one household to 
another. Only a minority of customers are being charged based on their actual 
consumption. However, as UK water suppliers have recently started applying universal 
metering schemes and with increasing numbers of households becoming metered in the 
near future, the present research could prove to be of little use if it incorporated price as a 
factor of influence. 
Although information on household income and property size were not available for this 
research, they were incorporated in the analysis using a proxy variable, ACORN class 
(see Methodology Chapter).  
Many studies have used OLS regression methods to model water demand, not accounting 
for the effects that the co-existence of time variant and time invariant elements might 
have on water consumption. This study addresses this limitation by developing multilevel 
(mixed) models of water demand. Additionally, this study uses per capita consumption 
(PCC) as a unit of measurement and not aggregate census tract or total household 
consumption as many studies have utilized, providing more detailed information about 
demand on the customer level.  
Finally, it is important to note that in their recent report, CIWEM (2016) stress that there 
is still a relatively poor understanding of how and why demand varies from property to 
property and they recommend that projects focusing on water using behaviours are 
developed. 
2.7.2 Residential Water Efficiency Studies 
Domestic water demand management, especially leakage detection and adoption of water 
conserving devices, has started gaining momentum both in the UK and globally. 
However, when it comes to the evaluation of programmes that incorporate devices 
installation and distribution, a robust methodological framework is non-existent. It is 
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clear that a proper evaluation framework should incorporate important contextual factors 
and that it should be built based on them. As thoroughly described in this chapter, 
Australia and the US are leading the domestic water efficiency research for the past 20 
years. Detailed guidelines for water efficiency programmes evaluation are only found 
currently through Integrated Resource Planning (IRP) framework, a comprehensive 
decision-making process developed in Australia and which is considered as best practice 
for water companies internationally. However, the methods that are proposed by IRP 
cannot be fully adopted by companies with data limitations. This problem is due to the 
fact that the evaluation process outlined throughout the framework mainly uses data 
intensive methods such as participant-control group comparisons and micro-component 
analysis that monitors the effect of each water saving product on different end-uses.  
Advanced micro-component techniques, which are considered as best practice by water 
efficiency experts worldwide, are rarely used in European residential water conservation 
studies. Although micro-component analysis was not possible in the context of this 
research, an evaluation of water savings was realized using mixed modelling techniques 
and by making full use of all available data provided by the two water companies. Most 
UK studies in this field use consumption means comparison methods to explore possible 
changes in water demand as a result of water efficiency measures. Some of them do not 
include control groups in their analysis, not accounting for external factors that may 
heavily influence consumption trends. It is highly recommended that control groups are 
used in water efficiency evaluation studies for comparison purposes.  
It is observed that a large proportion of water efficiency research measures water savings 
on the household level and very often water savings are calculated for a uniform average 
number of occupants. However, the usefulness and robustness of this approximation is 
doubtful as it does not account for between households heterogeneity and it does not add 
to the precision required in water efficiency evaluation. Therefore, the present study uses 
PCC (per capita consumption) as the preferred output variable in the formation of the 
multilevel models of water demand.  
As already discussed, technological changes such as retrofit programmes and other non-
price policies have gained less attention than price-policies, mainly because of the lack of 
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adequate data (Millock & Nauges, 2010). In parallel, the effect of educational 
programmes and awareness campaigns has proved to be significant mainly in times of 
water scarcity and crisis and it usually diminishes within a year (AWE, 2010).  
Literature review points out that there is still much to explore and discover regarding the 
effectiveness of installing water saving devices and fittings, especially in areas where 
research on this matter is in its infancy such as in the UK. In the UK context, research 
and analysis of water savings lack the skills and the methods’ precision that some 
Australian and American studies demonstrate.  
Detailed information on local residential consumption is essential for the appropriate 
implementation of such programmes and for achieving greater water savings. 
Specifically, water companies usually do not investigate the effect that their pilot 
retrofitting programmes had in households of different characteristics although this 
information would provide useful insights on the local population’s water use. Also, such 
data would be invaluable for future water efficiency initiatives as they would set the right 
direction for effective implementation on suitable population samples, thus potentially 
enabling bigger water savings through water-saving technology. 
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Chapter 3. Methodology 
 
 
 
3.1 Introduction 
This study evaluates the effectiveness of installing water saving devices in single family 
households in areas where two major UK water supply companies operate and it 
examines the factors that influence water consumption of the households in these areas, 
defining the relationship among daily per capita water consumption (PCC), weather and 
household-specific demographic variables. Notably, this research employs both 
participants and non-participants data to compare changes in water consumption between 
the two groups and between the pre-installation and post-installation period for each 
group of homes. It further explores the relationship between per capita water 
consumption and several factors of influence with a particular focus on implemented 
water efficiency programmes.  
This chapter introduces and explains the chosen methodology for each part of the study. 
Firstly, it describes the attributes of the case study methodology and presents the 
delimitations of the study. Secondly, it discusses the technique used for the exploration of 
the factors influencing residential water demand in each case study. Following this, the 
evaluation of water efficiency programmes effectiveness through implementation of 
parametric and non-parametric means comparison tests is described as an alternative to 
intervention-control group methods. Finally, the chapter makes an introduction to 
multilevel modelling and it outlines the process that was followed for the development of 
the multilevel models of single family residential water consumption.  
3.2 The Case Study Methodology 
3.2.1 Research Paradigm 
From an etymology perspective the word ‘paradigm’ originates from the Greek word 
‘paradeigma’ whose English translation is ‘example’. The term ‘paradigm’ can be 
characterized as ‘a loose collection of logically related assumptions, concepts, or 
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propositions that orient thinking and research’ (Bogdan & Biklen 1998). Mac Naughton 
et al. (2001) state that a paradigm consists of three features, namely an opinion about the 
nature of knowledge, a methodology and validity criteria. Some frequent paradigms used 
in the literature are positivist, post positivist, interpretivist, constructivist, 
deconstructivist, transformative, critical, emancipatory and pragmatist (Mackenzie & 
Knipe, 2006). Without designating a paradigm as the first step of research, there is no 
basis for choosing methodology or research design.  
Pragmatist paradigm 
Pragmatism is an alternative to the aforementioned paradigms, as it is not committed to 
any philosophy or reality. It is regarded as the paradigm that specifies the underlying 
philosophical framework for mixed-methods research; however, as stated by Mertens 
(2005), researchers that use mixed methods put themselves philosophically in line with 
the transformative paradigm. Pragmatism puts the research problem to the centre and 
uses all approaches available to understand the problem, thus data collection and analysis 
methods are chosen with regard to their ability to provide understanding without any 
philosophical loyalty to other paradigms (Mackenzie & Knipe, 2006). Pragmatism sets 
the researcher free of mental and practical constraints imposed by the ‘forced choice 
dichotomy between post-positivism and constructivism’ thus he/she does not need to get 
restricted by any technique and it accepts that there are singular and multiple realities 
open to empirical enquiry (Feilzer, 2009). Pragmatism was adopted as the suitable 
paradigm for this research. 
3.2.2 Case Study Methodology 
According to Yin (2003) “colloquially a research design is an action plan for getting 
from here to there, where ‘here’ may be defined as the initial set of questions to be 
answered and ‘there’ is some set of answers”. This study aims to adopt a case study 
approach. This is because as stated by Cohen & Manion (1995), case studies allow for 
generalizations from a specific instance to a more general issue. The specific case has to 
present similar attributes with the issue that is being researched. Generalizations can be 
made after careful consideration and the researcher should bear in mind that they do not 
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always apply. Many case studies on the same or similar problems will lead to a more 
complete view of the issue. 
A case can be defined as ‘a unit of human activity embedded in the real world, which can 
only be studied or understood in context and exists in the here and now. The case study 
merges in with its context so that precise boundaries are difficult to draw’ (Gillham, 
2000). It is designed to highlight the details from the viewpoint of the participants using 
many sources of data and it is selective as it focuses on one or two aspects that are crucial 
for the comprehension of the system being researched. A case is a space and time-
specific phenomenon (Johansson, 2003). An important characteristic of case studies is 
that they give consideration not just to the voice of the actors, but of the relevant groups 
too and to the relationships between them. It is known to be a triangulation research 
method, in the context of which data, methodologies and theories can be triangulated to 
enhance knowledge generation (Tellis, 1997). ‘Case studies typically combine data 
collection methods such as archives, interviews, questionnaires and observations. The 
evidence may be qualitative (e.g. words) or/and quantitative (e.g. numbers)’ (Huberman 
& Miles, 2002). 
Case study researchers place emphasis on different aspects of this methodology. Yin 
(1994) asserts that a case study is defined by the methods and the techniques used 
whereas Stake (1998) states that emphasis should not be placed on the methods of inquiry 
used but on the object of study. There are many types of case studies a researcher can 
use. ‘Historical or observational (a reflective account or observation of a past 
phenomenon), intrinsic (the study of a single case or person to understand behaviour), 
instrumental (studies that reflect on a number of sources to generalise theory) and 
multiple case studies (where multiple sites or cases are compared) are some of the 
primary incarnations of the case study’ (Foster, 2011).  
Case studies are controversial in terms of generalisation. Generalisations from cases are 
not statistical and depend on their interpretation. The researcher can generalise based on a 
case study using one or a combination of three principles: deduction, induction and 
abduction as shown in Table 3.1 (Johannson, 2003). Using multiple cases and making 
comparisons helps towards generalisation of the results. 
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Table 3.1 Modes of generalisation and reasoning in case study methodology. Source: 
Johansson (2003) 
 
 
Research designs provide guidance for data collection and analysis. Yin (2009) identifies 
three prerequisites for deciding on the appropriate strategy: the types of questions asked, 
the degree of control of the researcher over actual behavioural events and the extent to 
which the research focuses on contemporary or historical events (Table 3.2). 
Table 3.2 Situations for different research methods. Source: Yin (2009) 
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3.2.3 Double Case Study Methodology 
As already described, the chosen methodology for this research is case study 
methodology. More specifically, this study endeavours to apply an embedded case 
study design. Case studies are preferred when contemporary events are to be explored 
and when the relevant behaviours cannot be manipulated (in contrast to controlled 
experiments). 
The investigator usually has little or no control on the ‘how’ and ‘why’ questions that 
are being asked in the context of a case study (Yin, 2009). In the present study, a real 
life phenomenon is being evaluated and in order to fully understand it, the contextual 
conditions that are encompassed had to be understood too and they could not be 
ignored or isolated. Additionally, this case study makes use of already existing data. 
Evaluation process plays a great part in this research (evaluation of a water efficiency 
programme). Presumed causal links are explained and the intervention and the real life 
context in which it occurred are described. For the reasons stated above, case study is 
the preferred methodology as it has a distinctive place in evaluation research (ibid). 
In the context of an embedded case design, the units of analysis have to be clearly 
defined. Here, the primary ‘case’ is the water company’s efficiency programme while 
the secondary units are the households involved. If a multiple embedded case study 
is applied, the ‘secondary cases’ will be kept different and separate for each primary 
case. 
A common concern about case studies, especially single case studies, is that they 
do not produce generalizable results. The answer to this is that the case study does 
not represent a ‘sample’, rather it aims at expanding and generalizing theories and 
not at statistical generalizing. However, using a double or a multiple case study 
rather than a single one provides stronger evidence and helps towards generalizing a 
theory. The rationale behind a multiple case study and replication design is that each 
case must be selected so that it either (a) predicts similar results or (b) produces in 
some way contradictory results but for anticipated reasons (Yin, 2009). This study 
aims at implementing a double case study design where the two cases can be 
compared and contrasted to identify similarities and differences. The two case 
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studies evaluate the effectiveness of two water efficiency programmes of two different 
water providers in the UK. The results produced by the two separate analyses and 
procedures are similar and complement each other. 
3.3 Study Delimitations 
It is necessary to discuss the delimitations of this research at this point. During the early 
stages of this study, the researcher intended to collect some primary data through 
questionnaires, designed by herself, and to undertake a follow up study. Subsequently, 
various water companies (e.g. Severn Trent Water, Yorkshire Water and Wessex Water) 
were contacted and some initial conversations on this prospect were realised, however 
some of the utilities refused co-operation while others did not provide a permission for 
distribution of questionnaires to their customers. As a result, this research was entirely 
dependent on already existing datasets and the researcher put much effort into taking full 
advantage of them.  
Consequently, the data that were used throughout this study were not collected by the 
researcher herself. The data were already collected by the water companies (Anglian 
Water and Essex & Suffolk Water) in the context of their normal data collection 
procedures (such as long term consumption readings) and some of them were gathered as 
supplementary data to their implemented water efficiency programmes (such as the 
surveys).  
An additional delimitation is that water price was not addressed as a factor of influence to 
water use. Although the influence of water price is very commonly encountered in water 
demand research, it was not used as an independent variable in the regression and 
multilevel models since it is homogenous in the study area, given that the samples were 
drawn from one water provider.  
Finally, only detached and semi-detached households were considered in this research 
and flats were omitted from the datasets. The reason behind this exclusion is the common 
water meter that many flats usually have, which does not allow for each family’s 
consumption to be distinguished from another one’s. Also, industrial and agricultural 
water demand were not analysed, as this would be beyond the scope of this research.  
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3.4 Regression Analysis 
The use of multiple regression was the initial step towards gaining a deeper 
understanding of the datasets characteristics and trends. Employing multiple regression 
on the aggregate consumption datasets allowed for the determination of the factors that 
had an influence on PCC and were thereafter considered for use in the detailed multilevel 
models. Additionally, as will be described later, ACORN class and the number of 
occupants proved to be significant predictors of per capita consumption. This allowed for 
the disaggregation of multilevel models by ACORN classes and by household size for the 
second case study (Essex and Suffolk Water). 
The dependent variable, SFR (Single-family Residential) water use represents the 
observation averages for every household for each case study.  Monthly observations 
over 2012-2015 for 63 households for the AWS case study and six-monthly observations 
over 2005-2015 for 451 households for the ESW case study were averaged for each 
household. It should be stressed that a ‘household’ is defined by the water meter that is 
associated to a single family’s billing unit.  
3.5 Assessment of the Water Saving Devices Effectiveness via Parametric 
and Non Parametric Testing 
One of the objectives of this research is the evaluation of the efficiency of the two water 
efficiency programmes, implemented by two UK water suppliers. As discussed earlier in 
this study, in most water efficiency evaluation studies where T-tests are employed, 
researchers compare changes in consumption of a participants’ sample to a control 
sample. In these studies, some participant and control group household characteristics 
such as the number of occupants or average family income are usually known to the 
researchers through water use surveys that are completed by household members prior to 
or during a water efficiency programme. Information on the number of residents is 
essential for calculating per capita daily consumption which is derived from records of 
total household use divided by the number of people in each house. When per capita 
consumption is available, it enables meaningful comparisons of changes in water use 
patterns after an intervention as opposed to total household consumption. 
 73 
 
In the context of this research, computation of per capita consumption for a control 
sample was not possible due to the fact that there was no demographic information 
available for households that did not participate in the two water efficiency programmes, 
apart from their ACORN class. Consequently, for all comparisons between participants 
and reference groups, total household consumption was used. However, steps were taken 
towards reducing the uncertainty caused by the aggregated consumption values and are 
explained in the next paragraphs.  
For the first case study, for which data for 67 participating households were available for 
three different areas, the sample was disaggregated into three subsamples, one for each 
location. Based on their postcodes, three or four non-participating households from the 
same neighborhoods as the participating ones were chosen as reference cases for each 
participating household.  
In the second case study, all households were located in the same town. Also the 
participants sample was large enough to allow grouping by ACORN class. Thus, based 
on their ACORN classes, subsamples of non-participating households became reference 
cases for each participating one. This allowed for a more meaningful comparison of 
consumption change between the two groups.  
Means comparison tests were carried out in two ways, as shown in Figure 3.1. First, 
consumption decrease after the programme launch period was compared between the 
participants and non-participants groups so that any differences between the two changes 
in consumption could be explored. For this analysis, independent samples T-test and its 
non-parametric equivalent, Independent Samples Mann-Whitney U test were employed. 
Independent Samples T-test is a statistical test that uses the t-statistic and establishes 
whether two means collected from independent samples differ significantly (Field et al., 
2012). Second, average consumption from a period before the programme launch was 
compared to average consumption of a period after/during the duration of the programme 
for the participants and non-participants samples separately. For this analysis, Paired 
samples T-test or its non-parametric equivalent, Related samples Wilcoxon signed rank 
tests were used. Paired Samples T-test, also called related T-test or dependent T-test, 
compares the means of two related groups to determine whether there is a significant 
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difference between these means (Field et al., 2012). 
 
Figure 3.1 Steps of consumption means comparison tests 
 
These comparisons allowed for close observation of any changes in consumption both for 
the households that participated in the water efficiency initiative and for those that did 
not. The latter group of households was treated as a ‘reference’ group. It was 
hypothesized (null hypothesis) that the experimental manipulation has no effect on the 
participants: therefore, we expect the consumption change of the two groups to be very 
similar. The larger the observed difference between the samples consumption change is, 
the more confident we become that this difference represents a genuine difference. If the 
null hypothesis is incorrect, then we gain confidence that the two changes in consumption 
differ because of the different experimental manipulation that was imposed on each 
sample (Field, 2013). 
As explained earlier, the Means comparison tests that were used in this research were 
parametric Independent Samples T-tests and Paired Samples T-tests, non-parametric 
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Independent Samples Mann-Whitney U test and Related Samples Wilcoxon signed rank 
test. The latter non-parametric tests are used in the analysis when the sample sizes are 
particularly small and do not follow a normal distribution. However, it should be noted 
that parametric T-tests can be reasonably robust even for non-normal distributions, 
especially for samples of more than 50 entities for each group (Field et al., 2012).  
Naturally, T-tests require certain assumptions to be met for the outputs to be valid. They 
are based on the normal distribution; however, they are considered typically robust for 
violations of the normality assumption. Non-parametric tests are sometimes presented as 
‘assumptions free tests’, however this notion is not true as there are still some 
assumptions related to non-parametric tests (Field et al., 2012). The table below 
illustrates these assumptions, which were checked before this part of analysis was carried 
out. For further discussion of the methods, see Table A18.  
Table 3.3 Assumptions of means comparison tests used (Field, 2013) 
Independent 
Samples T-test 
Paired Samples T-test Mann-Whitney 
test 
Wilcoxon test 
Normality Normality: The sampling distribution 
of the differences in scores should be 
normal, not the scores themselves 
Random samples 
from populations 
Dependent samples 
Independence and 
random sampling 
Independence and random sampling Independence within 
and between 
samples 
Independent 
observations 
Independent variable 
must be on a continuous 
scale 
Independent variable must be on a 
continuous scale 
Measurement scale 
is at least ordinal 
Continuous 
dependent variable 
 Population variances are equal  Measurement scale 
is at least ordinal 
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3.6 Nested Hierarchies-Mixed Models 
Although means comparison methods were used in this research in the form of 
parametric and non-parametric statistical tests and reference groups of non-participating 
households were employed and provided a basis for comparisons, their precision in 
evaluating the impact of water efficiency initiatives is limited. For this reason, a thorough 
implementation of multilevel models was chosen, in the context of which each efficiency 
programme was accounted for in the modelling process. Importantly, literature suggests 
that there is scope for improving the accuracy of the existing modelling techniques if 
occupancies and other factors are treated separately (Parker, 2013). The present study 
applies this recommendation by examining the effect that water efficiency programmes 
have on separate ACORN classes and different household sizes, providing a basis for 
future work on this field.  
Hierarchical data are data that are nested within entities. It is very common that social 
data have nested or clustered structures. The simplest example of hierarchical data one 
can find in the literature is that of students nested within different schools or classrooms. 
For this example, students are regarded as level 1 variables and the classrooms are the 
level 2 variables (Snijders & Bosker, 2012). If there were levels of hierarchy above the 
classroom such as the school, school would be a level 3 variable and so forth. A well-
known form of nested data are panel data. In this case, observations over time (repeated 
measurements) are nested in different entities. In the context of this research the subjects 
are the households and the overtime observations are monthly water consumption data 
and monthly weather related data. Nested data are not statistically independent 
(correlation among observations in time and across households of the same 
area/neighborhood) thus simple linear regression and other techniques such as ANOVA 
that require statistical independence are not suitable as they would produce extreme Type 
I errors if they were to be used (O’Dwyer & Parker, 2014). 
Multilevel regression, also called hierarchical linear regression is designed for application 
to multilevel (hierarchical) data structures as it accounts for the statistical dependence 
among sequential observations in the same group (Goldstein, 2003). It is an extension of 
regression and its difference lies in the fact that parameters can be allowed to vary. 
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Multilevel models offer other advantages apart from ignoring the assumption of 
independence: they can also ignore the assumption of homogeneity of regression slopes, 
they can handle missing data with much greater ease than other statistical procedures and 
most importantly they make use of data for each and every observation or time point, 
increasing the power of analysis (Field et al., 2012). They have been specifically 
designed to model changes over time for continuous variables.  
As far as this research is concerned, multilevel models offer a more comprehensive use 
and a more appropriate and powerful analysis of the specific datasets than simple 
Ordinary Least Squares regression. Mixed models allow for the full exploitation of the 
data that were provided by the two water supply providers, providing the opportunity to 
make use of both time varying and time invariant variables in the same analysis, 
outperforming classical regression in predictive accuracy (Gelman, 2006). However, they 
are much more demanding in terms of software and statistical knowledge.  
3.7 A Multilevel Model of Domestic per Capita Water Consumption 
In this study, multilevel models have been employed with a primary aim to explore the 
effect of the water efficiency programme on single family per capita water consumption 
for each case study. The secondary aim was to explore in depth and to determine the 
effect that household specific characteristics and weather conditions had on water 
consumption but also on the effectiveness of each water efficiency programme. 
Therefore, the interactions between weather, household characteristics and water savings 
were also explored.  
As thoroughly described in the Results chapters of this thesis, the first model that was 
developed was an unconditional means (empty) model which is equal to a one-way 
analysis of variance (ANOVA), followed by a step by step addition of fixed effects. The 
fixed effects components include weather and household demographic variables as well 
as a dummy variable representing the water efficiency programme. Subsequently, random 
effects of weather variables were added to the models, where applicable. Finally, several 
interactions between variables of interest were added to the models, completing the 
formation of a two-level random slopes model with cross-scale interactions. The level-1 
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unit of analysis are the separate consumption observations in time whereas the level-2 
unit under which level-1 unit is nested is the household. The formation of the model is 
illustrated through the equations below. The conceptual model is as follows: 
        (1) 
 is the daily per capita consumption (l/c/d) on the household level and  is the index to 
identify each subject (household),  is the time period (month or six-
months), ,...,  are a group of time-dependent explanatory variables (here, weather 
variables and the efficiency programme dummy variable). …,  are a set of time-
invariant variables, here, ACORN class, household size (and the number of devices fitted 
for the second case study),   are parameters indicating the fixed effects of 
the explanatory variables on ,  is a subject (here: household) specific term 
representing unobserved time-invariant random effects and  is the remaining non-
explained variance of , which is both subject specific and time-variant. 
 is the error term of equation (1).  
Statistical significance is not straightforward in multilevel regression models. However, 
there are some software packages such as nlme in R Statistical software that produce p-
values for fixed and random effects. Another multilevel regression package that is used 
very often, lme4 in R does not produce p-values (Bates, 2006). Both packages are widely 
used to fit and compare Gaussian linear and nonlinear mixed-effects models. 
Multicollinearity refers to predictors that are correlated with other predictors in a 
regression model (Wakefield, 2014). Multicollinearity can become a serious problem in 
mixed models especially when the model contains cross-level interactions (interactions 
that cross levels in the hierarchy) (Field et al., 2012). For this reason, it is suggested that 
predictor variables are centred before the analysis. By centring variables, we transform 
them into deviations around a fixed point and typically, level-1 variables should be 
centred. Centring predictor variables does not change the model’s fit. There are two ways 
to centre data, namely group mean centring and grand mean centring. In the group mean 
centred model, the variables are centred around the group mean whereas in the grand 
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mean centred model, the variables are centred around the grand mean (the overall mean 
value). For this study, grand mean centring was used for the level-1 weather variables.  
3.7.1 Response Variable: Single-family per Capita Water Use 
As previously described in section 3.3.1, the dependent variable of the analysis was 
single family per capita consumption (litres/person/day). For the multilevel analysis, all 
observations time points were used. Monthly and six-monthly consumption values for the 
first and second case study were used respectively. The households used in this analysis 
were the homes that volunteered for a free efficiency audit. Water saving devices and 
fittings were subsequently fitted in these households and a water use questionnaire was 
filled by a member of each family. The source data included observations for a larger 
number of households. However they were not used for this analysis, as they had not 
participated in the water efficiency programme. A small sample of participating 
households were also omitted from this analysis because they were listed as flats. Past 
research on residential water demand has focused on the examination of single family 
households, excluding flats, so that the possibility of several families being metered by 
the same water meter can be avoided. This research follows the same rationale, thus any 
multi-residential properties existing in the dataset were excluded.  
3.7.2 Model Diagnostics and Goodness-of-Fit Measures 
As with ordinary least squares regression, there are significance tests and goodness-of-fit 
measures for multilevel models as well. The overall fit of each model is assessed via a 
chi-squared likelihood ratio test. R statistical software reports the -2log-likelihood and the 
smaller this value is the better the model fit. Two adjusted versions of the log-likelihood 
value, namely the AIC (Akaike’s information criterion) and BIC (Schwarz’s Bayesian 
criterion) are also produced. If adding new effects in the model decreases AIC and BIC 
then the newly fitted model is a better fit than the previous one. Thus -2LL, AIC and BIC 
are useful in comparing models as fixed and random effects are added one at a time. In 
this research, the above mentioned measures were used to compare the fit of the empty 
model, the intermediate models and the final model for each case study, as described in 
the Results chapter.  
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When comparing models, it is important to recognise that if they contain different fixed 
effects, maximum likelihood (ML) estimation must be used. Nlme package in R, which 
was used in this study, employs ML estimation by default. Some packages such as lme4 
use restricted maximum likelihood (REML) estimation by default. REML cannot be used 
in this instance because comparisons will not be valid when fixed effects change and it 
should only be used when models have the same fixed effects and different random 
effects. Using the nlme package in R, p-values are generated automatically for every 
multilevel model summary to denote whether the independent variables of the model had 
a significant effect on the outcome variable. This is not the case with lme4 package, 
which does not produce p-values; however, bootstrapping procedures can be used instead 
to generate p-values. In linear regression, the most well-known and widely used 
goodness-of-fit measure is the  measure (coefficient of determination) and the closer 
its value is to 1 the better the model approximates the data. However, matters are much 
more complicated when it comes to multilevel analysis because of the covariance of the 
residuals between intercepts and slopes. Several pseudo-  measures have been 
suggested in the literature (Snijders & Bosker, 1999, Gelman & Pardoe, 2006) but none 
can be interpreted as the . It is often advised that these measures should not be 
calculated/interpreted at all.  
3.8 Chapter Summary 
This chapter described the different methodological steps in the analysis. First, double 
case study methodology was discussed and was chosen as the most appropriate for this 
research context and structure. Next, the delimitations of the study were presented, 
followed by an introduction to the different methods that were used. Multilevel 
(hierarchical) regression was chosen as the most appropriate method for these particular 
datasets and research objectives while its characteristics and application were extensively 
explained. The chapter closed with a review of multilevel model goodness-of-fit 
measures. The results of these steps are presented in the Results chapters. 
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Chapter 4. Results for Anglian Water Case Study 
 
 
 
4.1 Introduction 
The purpose of this chapter is to introduce the first case study area, the unique datasets 
that were provided by Anglian Water Services, to discuss the data processing procedure 
and to present the results of the analysis. The structure of the data, their origins and their 
use in the analysis are thoroughly discussed. Additionally, supplementary data obtained 
from other sources such as meteorological data, are introduced. An outline of the 
limitations of the dataset and explanation of the research barriers that result from such 
limitations are illustrated. Insights derived from exploratory analysis of the participants 
and non-participants datasets are discussed and results from the parametric and non-
parametric tests (means comparison tests) that were used to determine the effectiveness 
of each water efficiency programme are presented. The following regression analysis 
results are used to inform the researcher about the factors that should or should not be 
used in the multilevel analysis based on their significance and provide a general overview 
of the way the available contextual data affect consumption. Next, the chapter embarks 
on the multilevel (mixed) models results, determining causal relationships among various 
variables and focusing on the effect that water efficiency trials had on PCC. Finally, 
through bootstrapping procedures, the results from means comparisons are compared to 
those obtained from the multilevel analysis.  
4.2 Anglian Water Services Dataset 
4.2.1 Anglian Water Services Area of Operation 
Figure 4.1 illustrates the area where AWS operates in eastern England. The company 
provides almost 1.2 billion litres of drinking water every day to 2.6 million properties, 
covering an area of 27,500 square kilometres. Because of the large area that the company 
covers, AWS operate 1257 water and wastewater treatment plants. Around 53% of water 
supply is from groundwater. 40% of supply comes from winter storage reservoirs which 
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receive water from a nearby river while water is also directly abstracted from rivers too, 
accounting for 6% of supply. Almost 1% of available water supplies during 2012-2013 
were imported from adjacent water companies (AWS, 2015). 
Eastern England is classified as an area of severe water stress, with rainfall levels being 
significantly lower than the national average and with high population density. A supply-
demand deficit of more than 10 Ml/day is projected both in the short term (2019-2020) 
and in the long term (2039-2040) for certain areas such as Norwich and Ruthamford 
South, resulting from a combination of climate change, demand growth, sustainability 
reductions and target headroom requirements. The worst case scenario that is illustrated 
in their WRMP (Water Resources Management Plan) shows that the supply demand 
balance is at risk from adverse changes which may be as large as 567 Ml/day, equivalent 
to almost half of the water that is put into supply (AWS, 2015).  
 
Figure 4.1 Anglian Water Services area of operation in the UK. Sourced from 
www.anglianwater.co.uk 
Metering and leakage management are the most common means of controlling domestic 
water demand in the UK. AWS report over 70% metering in the residential sector, one of 
the largest rates of metering penetration in the UK. It is forecasted that by 2019-2020 
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(AMP6), more than 95% of residential customers will have meters installed in their 
properties and more than 88% of them will be paying on the basis of volumetric charges, 
saving approximately 5.6 Ml/day (AWS, 2015). It is also worth noting that all non-
residential customers of the company already pay on the basis of volumetric charges. 
Leakage target by the end of AMP6 is 172 Ml/day. This is to be achieved by maintaining 
high levels of leakage detection and repair resources, fixing reported leaks within 48 
hours, replacing communication pipes and mains in high-leakage district metered areas 
(DMAs), managing pressure and using smart revenue metering to decrease water losses 
on customers’ private supply pipes.  
The company is planning to invest more into household water efficiency, aiming to save 
8.6 Ml/day until 2020 from 180,000 efficiency audits and free installation of water 
conserving devices. Each audit will be leaving the customers with a personalized water 
saving plan and authorised plumbers will be fitting devices such as efficient shower 
heads and tap inserts while also checking for running cisterns (AWS, 2015). 
4.2.2 Data Collection 
Monthly water consumption records from 72 households in the Anglian Water Services 
region were provided for a period of three years (3/2012-3/2015). These properties 
belonged to a larger sample of households that volunteered to participate in the 
company’s water efficiency trial. The locations of the participating properties are 
illustrated in Figure 4.2. 
Water saving devices were fitted in these homes by plumbers, who visited each property 
during different time periods. The plumbers also inspected the participating properties 
and repaired any leaking fittings found in these homes. 
In parallel, answers to a survey were also provided for the same 72 participating 
properties. It is worth noting that the questionnaires were administered by the same 
plumbers who installed the water conserving devices, in different time points for each 
household. Survey questions included demographic information such as household size 
and ACORN class, water use habits and information on water using appliances in the 
household.  
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Figure 4.2 AWS efficiency programme locations 
 
Apart from obtaining consumption and survey data from the water company, the 
researcher also participated in two face-to-face unstructured interviews and discussions 
with AWS staff during the early stages of this research. These informal interviews took 
place at AWS offices in Peterborough and Milton Keynes. The interview questions were 
focused on domestic water efficiency programmes that were launched by the company 
and their applicability to this research, the data that were available in reference to each 
programme and on ways to overcome the non-existence of household data related to 
income. These interviews provided important guidance towards shaping the methodology 
of this research but also revealed significant absence of important company data that 
would be useful for conducting an evaluation of a water efficiency programme.  
 
EXPLANATORY VARIABLES 
The following table contains the data that were provided by each household via 
questionnaires and were used in the regression analysis as independent variables. The 
survey involved more information than that stated in Table 4.1. The reason for their 
exclusion from the analysis is that the majority of the respective questions remained 
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unanswered by the household members.   
Table 4.1 Independent Variables exploration for the first case study 
ACORN class 
A grouping variable that works 
as a proxy for social status and 
income. It is expected that the 
higher ACORN class is, per 
capita water consumption 
decreases.  
Number of people in the 
household 
For a PCC model as the one 
explored here, it is expected that 
the more people residing in a 
house, the less water is used per 
capita. 
Tenancy type Tenant or owner.  
Number of water fixtures in the 
house 
Works as a proxy for house size. 
It is comprised of the number of 
sinks, baths, showers and toilets 
in the house. It is expected that as 
the number of fixtures increases, 
per capita consumption increases. 
Shower use frequency (weekly 
showers per household) 
It is expected that as frequency 
increases, consumption increases 
too. 
Bath use frequency (weekly baths 
per household) 
It is expected that as frequency 
increases, consumption increases 
too. 
Dishwasher ownership Unknown effect 
Number of dishwasher loads per 
week 
It is expected that as frequency 
increases, consumption increases 
as well. 
Number of water butts Unknown effect 
Washing machine age 
It is expected that the older the 
machine, the more the 
consumption.  
Car wash usage 
It is expected that the households 
that wash their cars will show 
greater water consumption. 
Washing machine loads per week 
It is expected that the more loads, 
the greater consumption.  
Shower length 
It is expected that the lengthier 
the showers, the greater 
consumption. 
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THE REFERENCE SAMPLE 
The second objective of this research was to evaluate the effectiveness of the water 
efficiency trials. One of the methods that were used to satisfy this objective was the 
comparison of consumption change between the participants sample and a number of 
households that did not take part in the efficiency trial. As it can be seen from Figure 4.2, 
the participating households were not located in the same neighbourhood or town but 
they were spread around the AWS area. Thus there could be no assumption that these 
households experience the same weather conditions or that there could be any similarities 
in water use among properties of different neighbourhoods. Moreover, the comparison of 
water use for the participating households between the pre- and post- installation of the 
water saving products periods cannot measure the water consumption changes adequately 
if there are general trends in water use over time. To address this issue, a method 
introduced by Nataraj and Hanemann (2011) often called ‘difference-in differences’ was 
employed. In the context of this type of analysis the average difference between the pre- 
and post- installation consumption of the participating homes is compared to the same 
average difference for a sample of ‘matching’ non-participating households.  
For the first case study, for which data for 72 participating households were available for 
three different areas, the sample was disaggregated into three subsamples, one for each 
location. Based on their postcodes, three or four households from the same 
neighbourhoods as the participating ones which did not take part and were not aware 
about the existence of the efficiency programme were chosen as reference cases for each 
participating household. Thus, a second sample of 255 households was requested by the 
researcher and was provided by the company. Choosing neighbouring houses for 
comparisons increases the chances of them belonging to the same ACORN class, of 
having gardens or not and also it ensures that they are experiencing exactly the same 
weather conditions.  
The purpose of obtaining information on non-participating households is to make useful 
comparisons between them and the ones that participated in the device installation 
project. The known information on these households was their monthly consumption for 
the same period as the participating households (three years), their ACORN class and 
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their postcode.  
 
WEATHER DATA 
Although the misconceived belief that the UK is a wet country is very common, parts of 
the East and the South East experience the lowest levels of rainfall across the country and 
face increased risk of droughts. Some parts of East Anglia and Essex are classified as 
semi-arid because of the exceptionally low precipitation (less than 600 mm of rain every 
year) while southern and south-eastern England are the warmest areas in the UK. This 
situation is illustrated in the following figures. 
Weather data are crucial to all water demand management studies as climate is a major 
influencing factor to water consumption. In hotter and drier weather people take more 
showers, drink more water and most importantly they irrigate their gardens more often. 
Outdoor water use accounts for 7% of consumption in an average UK household 
(Waterwise, 2012) and an average hosepipe uses as much as 1000 litres of water per 
hour. In periods of severe droughts it is common for water companies to impose strict 
Figure 4.3 UK Mean Temperature (left) and annual rainfall (right) 1981-2010. Source: Met 
Office 
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irrigation restrictions in an effort to control residential demand. Unfortunately, this 
research could not discern between indoors and outdoors consumption due to the fact that 
there was no information available on whether a property has a garden or not.  
Under the risks that climate change poses to water availability on the short and long term, 
there has been a growing research interest on the ways that weather affects residential 
water use (Parker and Wilby, 2013). The present research also explored the way weather 
interacts with the presence of a water efficiency programme. 
All weather data used in this research were derived from archives from Met Office, the 
UK’s national weather service. Maximum, minimum and mean Temperature, hours of 
sunshine per month, monthly rainfall and days of more than 1 mm of rain were manually 
extracted from the Met Office website for both case studies. For the first case study 
(Anglian Water Services), two regional values were used - those of the Midlands and of 
East Anglia - since some participating households are located nearest the Midlands area 
and others belong to the East Anglia area.  
 
Figure 4.4 Weather conditions in East Anglia region for the first case study 
 
Although as previously mentioned, six different weather parameters were available 
through Met Office, not all of them were used in the final analysis. For the first case 
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study, the parameters that affected water consumption most proved to be sunshine and the 
days of more than 1 mm of rain, while the remaining weather parameters were found to 
be highly correlated with the chosen ones, thus were omitted from the analysis. An 
illustration of the weather conditions during the study period in East Anglia region is 
depicted in Figure 4.4, showing the days of more than 1 mm rain and hours of sunshine 
per month. Weather conditions in the Midlands area during the study period were very 
similar to the ones observed in the region of East Anglia.  
4.2.3 Data Advantages 
The data of the first case study demonstrated some unique advantages:  
Participating homes ignorant of being monitored: Although the homes that participated 
in the programme adopted them voluntarily, they were not told that the company would 
record their monthly consumption for evaluation purposes. This fact reduces the bias that 
self-selection of participants adds to the evaluation process. 
Installation period known for each participating property: The exact date of installation 
of the devices was known. This helped the researcher to further group the participating 
households into several ‘installation period’ groups and to meaningfully compare their 
month-to-month consumption to that of the non-participating households without having 
to hypothesize a uniform installation period. Moreover, this enabled the effective use of 
the water efficiency trial as an independent variable in the multilevel models.  
Dataset adequate for observing possible ‘offsetting behaviour’: As previously mentioned, 
offsetting behaviour is a common problem occurring after domestic water conservation 
initiatives, when residents’ consumption appears to increase instead of decreasing. This 
phenomenon can occur several months after the launch of the programme thus for it to be 
detected, there should be at least six months of consumption data available after the 
installation period. Fortunately, the current dataset is adequate for assessing the 
occurrence of offsetting behaviour.  
Water saving devices fitted by plumbers and not by the tenants themselves: In numerous 
studies, participants in water retrofit programmes had the devices delivered to their 
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homes but there is no information as to whether they actually fitted the products or when 
they did. In this study, there is an assurance that a professional installed the devices on 
the day of the visit.  
4.2.4 Data Limitations 
In this study a number of limitations emerged during the data collection process that 
should be acknowledged. These include: 
Incomplete survey responses: Some questions remained unanswered by the participants. 
As previously described, questions with many missing replies were omitted from the 
analysis. 
Small sample of participants: As discussed earlier, the sample of single family homes 
that participated in the conservation initiative is small (less than 70 properties after 
quality checks and data processing procedures), a fact that causes difficulties in the 
analysis. However, the researcher put a lot of effort into reducing the bias caused be the 
small sample in the statistical analysis. This was achieved by using a second reference 
sample of households (92 non-participants) in the exploration of the achieved water 
savings (1st analysis method for the second research objective) and by employing 
multilevel regression (2nd analysis method for the second research objective).  
Unknown number of people living in the household for non-participating homes: All 
analysis that involved both participating and non-participating households was done 
using litres/household/day as a unit of measurement. Although analysis of per capita 
consumption (PCC) could lead into more meaningful results, this was not possible in this 
case because data on how many people reside in each house were not available for the 
non-participants group. To overcome this issue, a standardized consumption decrease 
value [(Consumption before installation-Consumption after installation)/Consumption 
before installation] for each home was computed and then used for the statistical analysis. 
This way, consumption decrease was measured as a percentage and then comparison 
between participants and non-participants was made possible. It should be noted though 
that the rest of the analysis, which involved participating properties only, was conducted 
using daily PCC values. 
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Inaccuracies in participating households’ information data: The water utility was asked 
to provide data for single family households (detached, semi-detached houses and 
bungalows) only. However, the received dataset contained a small number of flats, which 
were ultimately deleted from the analysis but the participants sample was further reduced 
to 63.  
Inaccuracies in historical water billing data: Billing data errors are common in any 
billing system and this case was not an exception. In a few instances the readings were 
erroneously transferred to the billing system (e.g. monthly reading recorded as 2450 
l/hh/d for a given month when it clearly should have been 245 l/hh/d judging by the 
overall consumption of the household). In such incidental systematic error cases, the 
suspicious records were either deleted from the analysis or corrected. 
Zero consumption periods in billing data: In many instances both the participants and the 
non-participants datasets contained several consecutive or single months of zero 
consumption. In the cases where a single month of no water consumption was registered 
between months of substantial consumption, the reading was treated as erroneous and 
was left blank for the analysis (a zero reading would be an outlier and it would have 
added systematic error to the analysis). However, in the cases where households had zero 
consumption records for three consecutive months, they were excluded from the analysis 
since this was a sign of a change of tenants.  
No clear information on garden ownership: Unfortunately, there was no information 
available about whether the participating households had gardens or not, thus water used 
for irrigation purposes could not be accounted for.  Had these data been available, garden 
ownership would have contributed as a variable in the regression model. As illustrated in 
the literature, garden ownership is significantly related to higher household consumption 
(Fox et al., 2009).  
Absence of household income data: This fact could have been a major barrier both to the 
analysis of factors that affect water consumption and to the evaluation of water savings 
process unless ACORN class/group for each household was known.  ACORN class was 
used instead as a proxy for income and social status of the household.  
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Absence of useful socio-economic data for non-participating homes: If more data for 
non-participants homes were available such as the number of people in the household, the 
sample used for the regression analysis would be much bigger since the non-participating 
homes sample would be included too. Also, the evaluation of water savings would be 
much easier to undertake and even more accurate since direct comparison between 
participants and control group per capita consumption would be possible.  
4.3 Data Exploration  
4.3.1 Descriptive Statistics 
Descriptive statistics are presented to provide an overview of the dataset characteristics. 
The statistics were obtained after removal of extreme outliers and months of no-usage.   
THE PARTICIPANTS’ SAMPLE 
 
Table 4.2 Participants data statistics.  
 Mean  Median  SE Max Min N 
Per household consumption (l/hh/d) 268  242.8  3.1 1748 29.2 63 
Per capita consumption (l/c/d) 117.83  111.53 5.01 258.17 50.08 63 
No. of residents 2.36 2 0.152 6 1 63 
Acorn class 2.59 3 0.154 5 1 63 
No. of fixtures in the household 7.08 7 0.308 15 3 63 
No. of water saving devices installed 6.50 7 0.291 15 2 63 
 
 
 
 
 
 
 
Figure 4.5 Distributions of Acorn classes and number of residents in the participating households’ 
sample (n=63) 
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As seen in Figure 4.5, more than 70% of the households in the sample belong to ACORN 
classes 1 and 3. This fact depicts the prevalence of middle to large size households and of 
middle to high income residents in the sample of participants. Further to this, classes 2 
and 5 are under-represented, as each one only comprises 3% of the sampled properties 
that participated in the efficiency programme. Most households in the sample have 1 or 2 
residents. Only 12 out of 66 households comprise four or more people. 
 
 
 
 
 
 
 
 
 
With the exception of Acorn class 5, the ACORN classes that demonstrate the highest 
consumption per person are class 1 and 2. This is an expected outcome given that 
Figure 4.6 Distribution of Per Capita Consumption by Acorn class (left) and by the number 
of residents (right) (n=63) 
Figure 4.7 Distribution of number of water using appliances by ACORN class (left) and of the 
number of waterbutts in the household by ACORN class (right) (n=63) 
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households that belong to class 1 and 2 are usually larger ones, with more water 
consuming appliances. This is further depicted in Figure 4.7 (left); as we move from 
ACORN class 1 to 5 the number of water using features in the house decreases. 
Additionally, these properties tend to belong to people of higher income, living probably 
more lavish lives than the residents of higher ACORN class households. As previously 
reported, ACORN classes 2 and 5 are underrepresented in the sample. Therefore, the 
values of 157.55 and of 127 l/c/day shown in the left Figure 4.6 should not be taken into 
account when trying to interpret the results.  
Figure 4.6 (right) illustrates the distribution of per capita consumption relative to the 
number of people living in a household. It is clear that the more people live in a house the 
lower the per-person consumption is. This is a finding well documented in the literature 
and can become easily understood with an example of a house that has a garden that 
belongs equally to all residents. Total water consumption for irrigation of the garden 
should be relatively steady whether the same household comprises two or four members. 
That is, the more people live in that particular household, the less their per capita 
consumption will be because total water consumption of the garden will be divided by 
more people.  
Water butts are rainwater harvesting products, usually promoted by the water companies 
and conveniently sold via their websites. The rain that is collected in the barrel can be 
used for garden irrigation and car washing, thus enabling the company’s clients to use 
less drinking water. In the present sample, ACORN class 1 residents have more than one 
water butts on average in their gardens, whereas class 3 and 4 residents usually have less 
than one water butt on average. ACORN class 2 and 5 in the sample do not possess water 
butts (Figure 4.7-right). This figure suggests once more that affluent and larger 
households usually have gardens and lawns and that the residents may be more informed 
and sensitive about water scarcity issues. On the other hand, water butts are not provided 
for free. Therefore, it is easier for wealthier households to purchase a water butt than it is 
for poorer households that may not be able to afford one.  
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THE NON-PARTICIPANTS SAMPLE 
 
Table 4.3 Non-Participants data statistics. L/hh/D is litres per household per day 
 Mean  Median  SE Max Min n 
Per household consumption (l/hh/d) 260.3  230  1.5 1294.5  29.9 92 
Acorn class 2.49 3 0.129 4 1 92 
As previously mentioned, the dataset for the non-participating households included 
information on ACORN classes only, as far as demographic data are concerned. Number 
of people per household was not known and as a result per capita consumption could not 
be calculated. Therefore, all analysis that included the non-participants sample was done 
using l/hh/d as the unit of measurement. 
As shown in Figure 4.8 (left) ACORN class 5 is not represented in the sample. As 
expected, households in ACORN class 1 presented the highest water consumption, 
followed by ACORN class 2 and 3 households which showed on average, lower 
consumption. However, the water consumption of ACORN class 2 appears to be lower 
than that of classes 3 and 4. This can be attributed to the fact that there are only six 
ACORN class 2 households in the sample (see Figure 4.8-right) and these six households 
may not be representative of the overall ACORN class 2 consumption. 
Figure 4.8 Distribution of average consumption by ACORN class (left) and of non-
participants sample in ACORN classes (right) (n=92) 
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AN OVERVIEW OF CONSUMPTION PATTERNS 
Figure 4.9 Daily Average per H/H Consumption 
Figure 4.10 Participants' Average Consumption and Maximum Temperature 
 97 
 
The above graphs illustrate the daily consumption per household per month for 3.5 years 
for both the participants and the non-participants samples. Water consumption of the 
participants group appears to be higher than the non-participants in the beginning of the 
period of interest and it demonstrates a downward trend throughout this period. After 
March 2013 the non-participants consumption starts to increase steadily until it surpasses 
that of the participants during the water conservation programme’s period of effect. In 
parallel, maximum temperature showed signs of steady increase, a fact that can explain 
the gradual increase in consumption for the non-participants sample. These observations 
support the notion that the conservation initiative was successful in reducing water 
consumption of the households that took part. This possibility is explored through the 
following analysis sections. 
4.3.2 Data Processing 
Figure 4.11 illustrates the quality assurance checks and the data processing undertaken 
before the analyses for each case study. Steps presented in Figure 4.11 will be discussed 
in detail hereafter. 
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Apply multilevel modeling 
All participating H/Hs data 
Convert m3/day to l/capita/day 
Remove properties registered as 
‘flats’ 
Remove properties with zero 
consumption for over 3 
months 
Remove extreme outliers 
Transform outcome variable 
(water consumption) to 
normal distribution 
Transform weather variables to 
normal 
Centre predictor variables 
around grand mean 
Dummy coding of categorical 
variables 
Figure 4.11 Data processing procedure 
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INITIAL QUALITY CHECKS AND PROCESSING 
Firstly, the PCC (Per Capita Consumption) variable was created for the participants’ data. 
This was calculated by dividing total household daily consumption by the number of 
occupants. Consumption records were supplied in cubic meters and were converted into 
litres for the analysis. Completeness checks were undertaken to highlight missing data in 
any of the consumption values both for the participants and non-participants groups. 
Missing consumption values imply no occupancy and possible change of occupancy. For 
the Anglian Water case study where monthly readings were available, all data for a 
household were removed from the sample if missing values for three months or more 
were present. Secondly, all efficiency programme take up dates were checked for all 
participating households and all were present. Without knowing the programme take up 
date for each participating household, the evaluation of water savings attributed to the 
water efficiency programme would not have been possible.  
As explained later in this chapter, per capita consumption, the outcome variable for the 
multilevel models, as well as the continuous independent variables, were transformed to 
their natural logarithm to ensure normal distributions.  
As already mentioned in the Methodology chapter, grand mean centring was used for the 
level-1 weather variables. The variable representing the take-up period for the water 
efficiency programme for each household was a dummy variable which takes the value of 
either 0 or 1 to indicate the before and after programme period.  
EXTREME OUTLIERS REMOVAL 
One of the first steps towards obtaining a coherent analysis is outliers’ detection. An 
extreme outlier is an observation that lies an abnormal distance from other values in a 
sample. Johnson (1992) indicates that an outlier is an observation in a data set that 
appears to be inconsistent with the remainder of that set of data. Methods for outliers’ 
detection have been suggested for several applications such as severe weather prediction 
and other data mining tasks (Ben-Gal, 2005). Several extreme outliers were found in the 
AWS dataset using boxplots. All PCC values of more than 2000l/day were identified as 
extreme outliers and were subsequently removed. For example, a house recorded a daily 
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PCC value of 67000 litres over a specific month. Possible causes of outliers within the 
datasets are human error during meter readings, data input and formatting, meter 
malfunction and leakages. As far as minimum PCC is concerned, the threshold of 50 
l/c/day was adopted from Gleick (1996) as the minimum water requirement standard for 
basic domestic human needs. Therefore, water consumption observations under 50 
l/c/day were deleted from the dataset.  
Removal of outlying observations is a crucial step because these values can lead to model 
misspecification and biased results. However, although outliers are usually considered as 
an error or noise, they may carry important information. Especially in the area of water 
demand management, very often it is the extreme values that are the most interesting 
ones. For the reasons stated above, only extreme outliers were deleted from the 
participants’ sample. After outliers cleaning, the sample was reduced to 63 participating 
properties. 
For the non-participants samples, calculation of PCC was not possible because occupancy 
data were not available. Therefore, the 2000 l/capita/day threshold for exclusion could 
not be applied for outliers’ detection in the non-participants samples. The modified z-
score or MAD (Median Absolute Deviation) method developed by Iglewicz & Hoaglin 
(1993) was used instead. The method belongs to the family of univariate outliers’ 
detection techniques. In the simple z-score method, two estimators used (the sample 
mean and the standard deviation) can be affected by even a few extreme values. The 
MAD method overcomes this problem by employing the median and the median of the 
absolute deviation of the median instead of the mean and the sample’s standard deviation. 
The modified z-score is calculated as: 
                                                     (2) 
Where  and  is the median. The authors recommend that 
modified z-scores with an absolute value greater than 3.5 be labelled as potential outliers. 
This threshold was applied to the non-participants data. 
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Table 4.4 Verification that both groups come from the same population 
  4.4 Results from Non-Parametric Tests and T-tests 
4.4.1 Comparing the Participant and Non-Participant Sample Distributions Before 
Intervention 
A main issue when using participants-non-participants comparison methods is the 
potential bias that self-selection may bring to the participants sample. Thereby, the 
validity of the assumption that the samples come from the same parent population has to 
be assessed. There are a number of non-parametric tests that can compare the participants 
and the non-participants water consumption during the period before the products were 
installed, to test whether the samples have been drawn from the same population. In other 
words, we would expect the tests to indicate that the samples have been drawn from the 
same population when using data from the period before the intervention (Field et al., 
2012). Here, the Kolmogorov-Smirnov Z test and the Independent Samples Moses test of 
extreme reactions (see Table A18) have been used (Table 4.4) as they are two very 
widely used non-parametric tests that compare the distributions of two samples (Field et 
al., 2012). The tests were not significant, indicating that the two samples come from the 
same parent population, thus we can be confident that the mean consumption of the two 
groups did not differ much before the efficiency programme’s launch.  
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4.4.2 Consumption Decrease Comparison between Participants and Non-
Participants 
 
As previously mentioned in the Methodology chapter, analysis was conducted in two 
phases. In the first phase, data were grouped in three different location groups so that the 
programme’s effectiveness can be evaluated for each region separately. In the second 
phase, all households were analysed together so that the water efficiency programme as a 
whole could be evaluated. Since independent samples T-test is not suitable for non-
normal datasets, normality tests were conducted before the analysis. 
RESULTS FOR HOUSEHOLDS IN BEDFORD, WELLINGBOROUGH, MILTON 
KEYNES AND NORTHAMPTON 
After outliers’ removal, the remaining set of households for each of these areas was 
small. But due to their proximity, these areas experienced almost the same weather 
conditions. This allowed for them to be grouped together to form a sample of 17 
participating households and 37 not-participating ones. The sample still remained small, 
thus normality tests were conducted so that the choice between utilising an independent 
samples T-test or non-parametric tests could be made.  
The distributions of both samples approach the normal distribution based on the 
frequency graphs (Figure A1 & A2). Moreover, both the Kolmogorov-Smirnov and the 
Shapiro-Wilk normality tests appear to be insignificant, pointing out that we can assume 
a normal distribution (Field et al., 2012). Both graphs and normality tests can be found in 
the Appendix. Thus, the independent samples T-test is sufficient to explore whether 
consumption decrease between the two samples after the launch of the water efficiency 
programme was significantly different. The first table (A1-Appendix) presents that water 
consumption for the participants group shows a decrease of 17% on average whereas for 
the non-participants it shows on average, an increase of 3%. It should be noted that the 
confidence intervals for the mean do not overlap for the two groups, implying that they 
might not be from the same population. The second table of the output contains the main 
test statistics. The Levene’s test is not significant (p>.05) thus we can assume that the 
variances are roughly equal. The significance value of t is less than 0.05 thus we can 
conclude that there is significant difference between the means of the two samples. The 
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Figure 4.12 Consumption decrease comparison between participants (n=17) and non-
participants (n=37) in Bedford, Wellingborough, Milton Keynes and Northampton 
 
confidence interval for the difference between means cannot be zero or negative, 
confirming the conclusion that consumption decrease for the participants group is 
significantly different than for the non-participants.  
 
 
 
 
 
 
 
 
 
 
 
RESULTS FOR HOUSEHOLDS IN COLCHESTER AND IPSWICH 
After outliers’ removal, the remaining set of households for each of these areas was 
small. But due to their proximity, these areas experienced almost the same weather 
conditions. This allowed for them to be grouped together to form a sample of 17 
participating households and 37 not-participating ones. The sample still remained small, 
thus normality tests were conducted so that the choice between running an independent 
samples T-test or non-parametric tests could be made.  
The distribution of consumption decrease for participants does not approach a normal 
distribution sufficiently, whereas for the non-participants sample, the distribution is fairly 
normal (see Appendix). For this reason, non-parametric tests were employed (Table A2-
Appendix) to examine whether consumption decrease after the programme launch 
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differed significantly between the two groups.  
It was hypothesised that consumption decrease between the two groups was the same. 
Based on the results from the Mann-Whitney test, consumption decrease in the 
participants group differs significantly from non-participants group, U=171, z=-2.67, 
p<0.05. 
The Kolmogorov-Smirnov test concluded in the same results. These findings confirm that 
consumption decrease for the participants group for the selected time period was 
significantly different than the consumption decrease for the non-participants group. This 
result suggests that water saving devices that were installed in the participating 
households may be the reason for this difference. 
RESULTS FOR HOUSEHOLDS IN GRIMSBY 
After removal of outliers, the dataset was reduced to 8 participant homes and 19 non-
participants homes. The sample was small, thus normality tests were conducted so that 
the choice between running an independent samples T-test or non-parametric tests could 
be made. 
 
 
 
 
 
 
 
 
 
Figure 4.13 Consumption decrease comparison between participants (n=17) and non-
participants (n=37) in Colchester-Ipswich area 
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The distribution of consumption decrease for the participants approaches a normal 
distribution sufficiently, whereas for the non-participants sample, the distribution is not 
normal (see Appendix). For this reason, non-parametric tests were employed to examine 
whether consumption decrease after the programme launch differed significantly between 
the two groups. It was hypothesised that consumption decrease between the two groups 
was the same. Based on the results from the Mann-Whitney test (Table A3-Appendix), 
consumption decrease in the participants group does not differ significantly from non-
participants group, U=42, z=-1.8, p=0.075>0.05. 
 
The Kolmogorov-Smirnov test concluded in the same results. These findings do not 
confirm that consumption decrease for the participants group for the selected time period 
was significantly different than the consumption decrease for the non-participants group.  
This result suggests that water saving devices that were installed in the participating 
households of the area may have not been successful in reducing household water 
consumption. 
Figure 4.14 Consumption decrease comparison between participants (n=8) and non-
participants (n=19) in Grimsby area 
 106 
 
RESULTS FOR ALL AREAS 
After removal of outliers and zero consumption records, the dataset for this analysis was 
reduced to 42 participant homes and 92 non-participants homes. The sample was small, 
thus normality tests were conducted so that the choice between running an independent 
samples T-test or non-parametric tests could be made. For the participants’ sample, the 
two tests do not agree. However, the Shapiro Wilk test is more appropriate for samples of 
under 50 entities, thus we can conclude that the participants sample does not follow a 
normal distribution since the Shapiro Wilk test was significant (p<0.05). The non-
participants sample on the other hand showed important signs of normality based on both 
test and on the distribution graph. Since not both samples appear to be normally 
distributed (see Appendix), non-parametric tests were employed to examine whether 
consumption decrease after the programme launch differed significantly between the two 
groups. It was hypothesised that consumption decrease between the two groups was the 
same.  
 
Figure 4.15 Consumption decrease comparison between participants (n=42) and non-
participants (n=92)  
Based on the results from the Mann-Whitney test (Table A4-Appendix), consumption 
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decrease in the participants group differs significantly from non-participants group, 
U=658, z=-5, p<0.001. The Kolmogorov-Smirnov test concluded in the same results. 
These findings confirm that consumption decrease for the participants group for the 
selected time period was significantly different than the consumption decrease for the 
non-participants group. This result suggests that water saving devices that were installed 
in the participating households may be the reason for this difference. 
CONSUMPTION DECREASE BY ACORN CLASS 
It would be informative to observe how the consumption of participants of different 
ACORN classes responded to the water efficiency devices installation. Therefore, the 
following chart was produced. With the exception of ACORN class 5 which was under-
represented in the sample, it is evident that higher classes showed larger consumption 
decreases (Figure 4.16). ACORN class 1 showed the smallest decrease of all. This can be 
attributed to the fact that properties that belong to the first class are usually much bigger 
than the rest and thus have more water fixtures. Since water conserving devices were 
fitted only to some of the houses’ fixtures, some water using features remained as they 
were before. Conversely, smaller households such as those of class 3 or 4 that may have 
fewer water using features appear to have benefited more from the devices installation. 
 
Figure 4.16 Average consumption decrease by ACORN class (n=42) 
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CONSUMPTION DECREASE BY NUMBER OF RESIDENTS 
 
 
Figure 4.17 Average consumption decrease by number of residents (n=42) 
 
Households of 3 or more residents appear to have reduced their consumption less than 
households of a single or 2 residents (Figure 4.17). This can be attributed to the fact that 
households where more than 2 people live in are usually bigger than the ones where a 
single or 2 persons live. Another possible explanation for this finding is that in one-
person households, the one-to-one engagement with the plumber who made the home 
visit may had a big impact in encouraging behavioural change. This behavioural aspect of 
the home visit quite possibly loses impact as the messages are shared less and less in 
larger household sizes. As mentioned previously, it appears that the installation of water 
saving devices/appliances is more effective in reducing consumption in smaller properties 
rather than in bigger ones. Leakage can also be a reason for this. In larger homes, leaks 
are more frequent since there are more appliances and pipe fittings where leaks can 
occur. 
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4.4.3 Consumption Comparison for Participants and Non-Participants Before and 
After the Installation of Water Saving Devices 
A second set of tests was conducted in exploration of the effectiveness of water saving 
devices in the participants’ homes. This time the comparison was made between the 
water consumption before the installation of devices and consumption after for each 
participant and non-participant. Again, the analysis had two phases. In the first phase 
households in the same areas were grouped together to form three separate datasets so 
that programme effectiveness could be evaluated on the area level. In the second phase 
all households were analysed together so that the effectiveness of the programme as a 
whole could be explored. Normality tests were conducted prior to the analysis so that a 
choice between non parametric tests and the related samples T-test could be made, since 
related samples T-test is not suitable for non-normal samples. It is worth noting that for 
this before-after comparison, the value that should be assessed for normality is the 
difference between the ‘before’ and the ‘after’ value (Field, 2013) and not the 
consumption values themselves. 
RESULTS FOR HOUSEHOLDS IN BEDFORD, WELLINGBOROUGH, MILTON 
KEYNES AND NORTHAMPTON 
After outliers’ removal, the remaining set of households for each of these areas was 
small. But due to their proximity, these areas experienced almost the same weather 
conditions. This allowed for them to be grouped together to form a sample of 17 
participating households and 37 not-participating ones. The sample still remained small, 
thus normality tests were conducted so that the choice between running a related samples 
T-test or non-parametric tests could be made.  
Consumption difference for participants appeared to be normal since both tests were non- 
significant. However the same does not apply for the non-participants’ sample since 
Shapiro-Wilk test was significant (see Figure A9 & A10). Therefore, non-parametric 
Related Samples Wilcoxon Signed Rank test was preferred for the analysis.  
For the participants in the wider Bedford area, water consumption was significantly lower 
after the installation of devices period, T=17, p=0.003<0.05 (Table A5-Appendix). This 
interpretation is based on the fact that negative differences prevail in the test results and 
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is further illustrated in Figure 4.18. The mean consumption for the sample of participants 
was 312 l/hh/d and 264.94 l/hh/d before and after the installation of the water saving 
devices respectively.  
 
Figure 4.18 Participants' Consumption for the period before and after the programme 
launch in Bedford, Wellingborough, Milton Keynes and Northampton area (n=17) 
For non-participants, water consumption differed significantly between the two periods, 
T=460, p=.046<.05 (Table A6-Appendix). Most probably, water consumption for the 
non-participants group increased after the period of the devices installation since positive 
differences prevail in the test results. This is further illustrated in the following Figure 
and it may be due to the observed maximum temperature increase during the period after 
programme launch (see Figure 4.10). The mean consumption for the sample of non-
participants was 237.77 l/hh/d and 246.82 l/hh/d before and after the installation of the 
water saving devices respectively. 
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Figure 4.19 Non-Participants' Consumption for the period before and after the programme 
launch in Bedford, Wellingborough, Milton Keynes and Northampton area (n=37) 
 
RESULTS FOR HOUSEHOLDS IN COLCHESTER AND IPSWICH  
After outliers’ removal, the remaining set of households for each of these areas was 
small. But due to their proximity, these areas experienced almost the same weather 
conditions. This allowed for them to be grouped together to form a sample of 17 
participating households and 37 not-participating ones. The sample still remained small, 
thus normality tests were conducted so that the choice between running a related samples 
T-test or non-parametric tests could be made. Results for both samples point out that both 
water consumption difference distributions approach the normal distribution (Figure A11 
& A12), therefore Paired samples T-test was used for the analysis (Table A7). 
The T-test suggests that on average there was not a significant change in consumption 
between the two periods t(16)=1.92, p=.073. Participants consumption before the 
installation period was not significantly different (M=268.26, SE=32.6), than after 
(M=260.48, SE=32.6) although there are signs of possible decrease. The bootstrapped 
confidence intervals [.39, 15.1] support the notion that water consumption may have 
changed after the devices installation period, since the interval does not contain zero. It is 
rather implied that consumption had decreased slightly after the installation period, since 
only positive numbers appear in the confidence interval. This is further illustrated in 
Figure 4.20. The mean consumption for the sample of participants was 268.3 l/hh/d and 
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260.5 l/hh/d before and after the installation of the water saving devices respectively. 
 
Figure 4.20 Participants' Consumption for the period before and after the programme 
launch in Colchester-Ipswich area (n=17) 
The T-test (Table A8-Appendix) demonstrates that for the non-participants there was a 
significant change in consumption between the two periods t(36)=-2.45, p=.019. Non-
Participants consumption before the installation period was significantly lower 
(M=243.1, SE=20.1), than after (M=250.39, SE=20.75).  
 
Figure 4.21 Non-Participants' Consumption for the period before and after the programme 
launch in Colchester-Ipswich area (n=37) 
The bootstrapped confidence intervals [-13.52, -1.13] support the notion that water 
consumption did change after the devices installation period, since the interval does not 
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contain zero. It is rather implied that consumption increased slightly after the installation 
period, since only negative numbers exist in the confidence interval. This is further 
illustrated in Figure 4.21. The mean consumption for the sample of non-participants was 
243.08 l/hh/d and 250.4 l/hh/d before and after the installation of the water saving devices 
respectively. 
RESULTS FOR HOUSEHOLDS IN GRIMSBY  
After outliers’ removal, the remaining set of households for this area was small, thus 
normality tests were conducted so that the choice between running a paired samples T-
test or non-parametric tests could be made. 
The participants sample distribution differs significantly from the normal distribution. 
For the non-participants sample the two tests do not agree, however the Shapiro-Wilk test 
is more robust with samples of less than 50 entries and since it is significant we can 
conclude that the sample does not follow a normal distribution (see Figure A13 & A14). 
Thus non-parametric tests should be preferred over paired samples T-test. 
For participants, water consumption did not differ significantly between the two periods 
based on the Wilcoxon Signed Rank test (Table A9-Appendix), T=7, p=.123>0.05. 
However, there is a sign that consumption of the participating households may have 
decreased after the programme launch period, since negative differences prevail in the 
results. This is further illustrated in Figure 4.22. The mean consumption for the sample of 
participants was 196.4 l/hh/d and 164.9 l/hh/d before and after the installation of the 
water saving devices respectively. 
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Figure 4.22 Participants' Consumption for the period before and after the programme 
launch in Grimsby area (n=8) 
As the Related samples Wilcoxon Signed Rank test suggests (Table A10-Appendix), 
water consumption was not significantly different after the installation of devices period 
for the sample of non-participants: T=107, p=0.629>0.05. However, it is implied that 
water consumption may have increased over the programme implementation period since 
positive differences prevail in the test results. This is further illustrated in Figure 4.23. 
The mean consumption for the sample of non-participants was 234.98 l/hh/d and 241.79 
l/hh/d before and after the installation of the water saving devices respectively. 
Figure 4.23 Non-Participants' Consumption for the period before and after the programme 
launch in Grimsby area (n=19) 
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Figure 4.24 Participants' consumption for the period before and after the programme 
launch (l/hh/d) (n=42) 
RESULTS FOR ALL AREAS 
Aggregating all areas samples into a participants and a non-participants sample provides 
a sample of 63 participating households and non-participating ones. Normality tests were 
conducted so that the choice between running a paired samples T-test or non-parametric 
tests could be made. Tests for the significance of consumption change were conducted 
both for aggregated (l/hh/d) and per capita consumption values.   
The distribution of the participants sample was significantly non normal both for l/hh/d 
and per capita values (see Appendix). Thus, Non parametric tests were used. The 
normality tests for the non-participants sample are significant, suggesting that the 
distribution deviates from normality. However, the big sample size (N=92>50) allows for 
the paired samples T-test to be accurate enough. Thus, paired samples T-test will be used 
for the non-participants sample analysis. For participants, aggregated water consumption 
differed significantly between the two periods based on the Wilcoxon Signed Rank test, 
T=566, p=.002<0.05 (Table A11-Appendix). Most probably, water consumption for the 
participants group decreased after the period of the devices installation since negative 
differences prevail in the test results. This is further illustrated in Figure 4.24. The mean 
consumption for the sample of participants was 272.58 l/hh/d and 250.23 l/hh/d before 
and after the installation of the water saving devices respectively. 
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As far as per capita consumption is concerned, it differed significantly between the two 
periods based on the Wilcoxon Signed Rank test (Table A12-Appendix), T=523, 
p=.001<0.05. Most probably, water consumption for the participants group decreased 
after the period of the devices installation since negative differences prevail in the test 
results. This is further illustrated in Figure 4.25.  
 
Figure 4.25 Participants' per Capita Consumption for the period before and after the 
programme launch (n=42) 
The mean consumption for the sample of participants was 123.27 l/capita/d and 108.10 
l/capita/d before and after the installation of the water saving devices respectively.  
For the non-participants, the T-test (Table A13-Appendix) illustrates that on average 
there was a significant change in consumption between the two periods t(91)=-2.88, 
p=0.005<.05. The test was significant.  
Non-Participants’ consumption before the installation period was significantly different 
(M=239.3, SE=11.75), than after (M=247.22, SE=12.58) and there are definite signs of 
increase. The bootstrapped confidence intervals [-12.92, -2.51] support the notion that 
water consumption changed significantly after the devices installation period, since the 
interval does not contain zero. Also, it is implied that consumption increased after the 
installation period, since negative numbers prevail in the confidence interval. This is 
further illustrated in the following figure. The mean consumption for the sample of non-
participants was 239.33 l/hh/d and 247.22 l/hh/d before and after the installation of the 
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water saving devices respectively. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 4.26 Non-Participants' Consumption for the period before and after the programme 
launch (n=92) 
 
4.4.4 Summary of Findings 
COMPARISON OF CONSUMPTION CHANGE BETWEEN THE TWO PERIODS 
BETWEEN THE TWO GROUPS  
Table 4.5 Consumption change comparison between participants and non-participants 
(Significant results shown in green) 
Bedford area Colchester area 
Participants Non-Participants Participants Non-Participants 
10-24.6% decrease 
6.7% increase-
1%decrease 
Signs of decrease 1-7.2% increase 
consumption decrease for the participants group is 
significantly different than for the non-participants 
consumption decrease for the participants group is 
significantly different than for the non-participants 
Grimsby area Whole Anglian Water area 
Participants Non-Participants Participants Non-Participants 
4-33% decrease Signs of increase 6.7-16% decrease 5.8-14% increase 
consumption decrease for the participants group is not 
significantly different than for the non-participants 
consumption decrease for the participants group is 
significantly different than for the non-participants 
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COMPARISON OF CONSUMPTION CHANGE BETWEEN THE TWO PERIODS 
WITHIN EACH GROUP 
Table 4.6 Consumption change between the two periods within the same households 
(Significant results shown in green) 
Bedford area Colchester area 
Participants Non-Participants Participants Non-Participants 
Significantly lower 
consumption after the 
installation of devices 
period 
Significantly higher 
consumption after the 
installation of devices 
period 
Significantly lower 
consumption after the 
installation of devices 
period 
Significantly higher 
consumption after the 
installation of devices 
period 
Grimsby area Whole Anglian Water area 
Participants Non-Participants Participants Non-Participants 
No significant change-
Possible decrease after 
the installation of devices 
period 
No significant change-
Possible increase after 
the installation of devices 
period 
Significantly lower 
consumption after the 
installation of devices 
period 
Significantly higher 
consumption after the 
installation of devices 
period 
 
As can be seen from the above tables, in most instances the means comparison tests 
showed that after the efficiency programme launch there was a significant decrease in the 
consumption of the households that took part in it. On the other hand, the non-
participants’ water consumption appears to have increased during the same period. This 
may be due to the temperature increase that was observed between July of 2013 and 
November of 2014 (see Figure 4.10). In the case of participants from the Grimsby area, 
the tests did not find a significant difference in consumption change between the two 
groups. However, results indicate a possible decrease after the installation of devices 
period for the participants and a possible increase for the non-participants. It is worth 
mentioning again that the sample of participants in Grimsby was particularly small (8 
households) which might explain the non-significant result.  
Although the overall results indicate that the programme has most probably been 
effective in decreasing demand, a clear conclusion as to the extent of its effectiveness 
cannot be inferred through simple means comparison tests. Consequently, more detailed 
analysis is required to obtain more concise and robust results. This was possible through 
the development of multilevel models of per capita consumption, the outcomes of which 
are described later in this chapter. 
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  4.5 Results from the Regression Model Development 
The dependent variable, SFR (Single-family Residential) water use represents the 
observation averages for every household for each case study.  Monthly observations 
over 2012-2015 for 63 households for the AWS case study were averaged for each 
household. It should be stressed that a ‘household’ is defined by the water meter that is 
associated to a single family’s billing unit.  
An illustration of the daily PCC over the examined period for the participating 
households in the first case study is displayed in Figure 4.27. It can be observed that 
single family median water use (white dot) increases during the summer months. Violin 
plots illustrating the density of water demand show the stability of winter months and 
larger elasticity for July and August. A Violin Plot is used to visualise the distribution of 
the data and its probability density. This chart is a combination of a Box Plot and 
a Density Plot that is rotated and placed on each side, to show the distribution shape of 
the data. The thick black bar in the centre represents the interquartile range, the thin black 
line extended from it represents the 95% confidence intervals, and the white dot is the 
median. 
Figure 4.27 Seasonality of daily per capita water demand by month (2012-2015) for the 
participating h/hs in AWS Case study (n=63)  
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Water consumption data for the participating households were accompanied with 
information on several aspects such as demographics, number and kind of water fixtures 
in the house and frequencies of use of water consuming appliances, as mentioned earlier. 
These data were exported from answers to a survey which was conducted the day the 
water efficiency devices were installed in each property. Table 4.1 contains the data that 
were provided for each household via their questionnaire answers and were used in the 
regression analysis as independent variables. 
After the exclusion of flats and outliers cleaning, the dataset was reduced to 63 
properties. Daily per capita water consumption (PCC) in its log-transformed form was 
used as the dependent variable in all linear regression models.  
Many researchers use stepwise regression in their research. However, there is a good 
reason not to choose this method and that is because stepwise methods rely on the 
computer selecting variables based upon mathematical criteria. This takes important 
methodological decisions out of the hands of the researcher. There is also a danger of 
‘over fitting’ the model or ‘under fitting’ it. Thus, hierarchical regression was preferred 
for this research. In hierarchical (blockwise entry) regression independent variables are 
chosen based on past work and the researcher decides in which order to enter the 
predictors in the model. After several iterations, the model that best describes the 
relationship between per capita water consumption and its predictors is discussed below. 
The model includes ACORN class, Number of people in the household, number of water 
fixtures in the house and number of water butts as independent variables.  
4.5.1 Model Summary 
For the model, R squared is .206, which means that the independent variables explain 
20.6% of the variation in Log (per capita daily water consumption). The F-ratio in Table 
4.7 represents the ratio of the improvement in prediction that results from fitting the 
model, relative to the inaccuracy that still exists in the model. F-ratio for the model is 
5.275, p<0.05 which means that the model improved our ability to predict the outcome 
variable compared to not fitting the model. VIF (Variance Inflation Factor-see Table 
A18) values in the Model Summary table are all well below 10 and the Tolerance 
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statistics are well above 0.2; therefore, we can safely conclude that there is no collinearity 
within our data. The average VIF value is: (1.023+1.045+1.058)/3=1.042, which is very 
close to 1 and this confirms that collinearity is not a problem.  
Table 4.7 Output of the linear model 
Model Summaryb 
Model R 
R 
Square 
Adjusted R 
Square 
Std. Error of the 
Estimate 
Change Statistics 
Durbin-
Watson 
R Square 
Change 
F 
Change df1 df2 
Sig. F 
Change 
1 .454a .206 .167 .317 .206 5.275 3 61 .003 2.517 
a. Predictors: (Constant), number of water butts, number of residents, Acorn class 
b. Dependent Variable: log per capita consumption 
 
Model 
Unstandardized 
Coefficients 
t Sig. 
95.0% Confidence 
Interval for B Correlations 
Collinearity 
Statistics 
B 
Std. 
Error 
Lower 
Bound 
Upper 
Bound 
Zero-
order Partial Part Tolerance VIF 
1 (Constant) 5.230 .137 38.085 .000 4.955 5.504      
number of 
residents 
-.093 .032 -2.882 .005 -.157 -.028 -.284 -.346 -.329 .977 1.023 
Acorn class -.087 .033 -2.664 .010 -.152 -.022 -.244 -.323 -.304 .957 1.045 
number of 
waterbutts 
-.065 .031 -2.094 .040 -.128 -.003 -.145 -.259 -.239 .945 1.058 
 
4.5.2 Model Parameters 
The specific model is defined as: 
• Number of water butts (b=-.062)1 
This value indicates that as the number of water butts increases, water consumption 
decreases. The significance of this variable is a rare finding in the literature. One would 
suppose that if a household has many water butts then it would have a big garden to 
water, hence a positive relationship with water consumption would be expected. 
However, the negative significant effect of the number of water butts in this analysis 
                                                 
1 Since the dependent variable, per capita daily water consumption, has been Log-transformed, the 
coefficients (b) of independent variables that are not Log-transformed can be calculated as: [exp(b)-1]. 
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might imply that if a house possesses water butts then the household members may be 
well informed of the water issues and may show a more conservative behaviour as 
regards their water use.  
• Acorn category (b=-0.083) 
This variable is a proxy for social status, income and property value. As we move from 
ACORN class 1 to ACORN class 5, income, social status and the value of the property 
decrease. Hence, this value informs that as ACORN class changes from 1 to 5 
consumption per capita decreases. That can be explained if someone thinks that ACORN 
class 1 is mainly represented by spacious, affluent households. Members of the first 
ACORN classes might have more water intensive possessions in their homes, big gardens 
or swimming pools and there may be more guests and entertainment. On the other hand, 
the last ACORN classes (4 & 5) are represented by smaller and poorer homes.  
• Number of people in the household (b=-0.089) 
This value shows that the more people living in a house, the less the consumption per 
person. This is a finding well documented in the literature.  
4.5.3 Variables that Were Not Significant in Predicting Water Consumption and 
Were Excluded from the Model  
• Tenancy type (-) 
This variable was highly insignificant for all models that were explored. The negative 
sign of its regression coefficient points out that tenants tend to use less water than those 
who own their homes.  
• Shower frequency (+) 
The positive sign denotes that households with members that shower 8 or more times per 
week consume more water than households with members that shower 7 or less times per 
week.  
• Dishwasher ownership (+) 
The positive sign denotes that households with dishwashers consume more water than 
households without ones. The significance of this variable was marginally over .05. 
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• Dishwasher loads per week (+) 
The positive sign denotes that the more dishwasher loads per week, the more water is 
consumed per person. This variable was highly insignificant. 
• Age of washing machine (-) 
The negative sign of the coefficient for this variable shows that houses with older 
washing machines consume more water per person than houses with newer ones. This 
variable was highly insignificant. 
• Car washing (-) 
Households that own cars and wash them at their premises tend to have larger per capita 
consumption than households that do not.  
4.5.4 Model Diagnostics 
After fitting a regression model it is crucial to determine whether all assumptions related 
to regression have been met. Any violations of these assumption can cast doubt on the 
validity of the conclusions drawn.  
The assumptions of linear regression are: 
1. Linearity-The relationship between the outcome variable and the explanatory 
variables is linear. 
2. Homoscedasticity-The variance of the data points about the line of means is the 
same for each explanatory variable. 
3. Independence-The explanatory variables are independent of each other.  
4. Normality-The individual data points of the outcome variable for each of the 
explanatory variables are normally distributed about the line of means. 
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Figure 4.28 Predicted values vs. standardized residuals plot 
Model evaluation relied to a great degree on graphical measures as they reveal more 
about the distribution of the data and the weaknesses of the model. Presence of 
heteroscedasticity in the data can be assessed through various tests and data 
visualizations, the majority of which involve inspection of the residuals (Field, 2013). 
Figure 4.28 provides an example of a scatterplot of the Anglian Water dataset, in which 
standardized predicted values are plotted against standardized residuals. The graph does 
not show any sign of heteroscedasticity for the sample since it does not ‘fan out’ in a 
funnel shape.  Checking for independence of residuals, Durbin-Watson test confirms that 
there is no significant problem of correlations between errors since the value for this test 
is close to 2. Neither datasets presented problems with non-normality after per capita 
consumption was log-transformed.  
4.6 Results from Multilevel Analysis 
As previously described, this analysis uses a panel dataset of single-family residential 
water use to explore the extent to which weather, household characteristics and the 
implementation of a water efficiency programme affect water use.  
The independent variables of the multilevel models were selected on two different scales, 
scale 1 and scale 2 (Table 4.8) 
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Table 4.8 Multilevel model predictors by scale 
Scale Predictor (Raw form) Predictor (As used in 
analysis) 
Weather (Level 1) 
N=4788 
Number of days with more than 
1mm rain 
Log-raindays 
Sunshine hours (h) Log-sunshine hours 
Efficiency programme 
(Level 1) 
Intervention (dummy variable) Intervention (dummy variable) 
Household (Level 2) 
N=63 
Acorn class Acorn class 
Number of occupants Number of occupants 
 
Scale 1 weather variables were derived from historical climate records, found in Met 
Office website. Data on temperature averages and accumulative rainfall were also 
obtained. However they were omitted from the models as they presented strong 
correlations with the chosen variables and also they proved to be weaker predictors of per 
capita consumption when tested in the model. Figures 4.29 and 4.30 provide an 
illustration of monthly averages for sunshine hours and days with more than 1 mm of rain 
throughout the research period. A few outlying observations can be detected in the graphs 
and these can either indicate erroneous records or they could represent real extreme 
weather conditions. As a result, the researcher chose not to omit these observations from 
the analysis. 
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Figure 4.29 Overview of hours of sunshine per month, 2012-2015. During summer it can be 
up to 4 times sunnier than during winter 
The efficiency programme variable on scale 1 is a dummy variable which takes the value 
of either 0 or 1 to indicate the before and after programme launch period respectively for 
each household. Scale 2 variables were ACORN class and the number of occupants per 
household (household size). ACORN is a socio-economic segmentation of households, 
developed and used in the UK. It ranges from class 1 (Affluent Achievers) to class 5 
(Urban Adversity) while there is also category 6, that refers to not private households and 
which was not used in this study. 
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Figure 4.30 Overview of days with more than 1 mm rain in a month, 2012-2015. October, 
November, December & January were the wettest months while March and April were the 
driest ones. 
 
VARIABLE TRANSFORMATIONS 
Multilevel models are an extension of regression. Therefore all the assumptions that 
come with it, apply to multilevel models as well: linearity, homoscedasticity, normality 
of residuals. As far as independence is concerned, it is worth mentioning again that mixed 
models do not assume independent observations, as linear regression models do. When 
hierarchical structures are present, failure to account for dependent observations leads to 
an overstatement of statistical significance and mixed (multilevel) models usually 
account for this issue. To ensure normal distributions, all continuous variables were 
transformed to their natural logarithm, including the outcome variable (daily per capita 
consumption). Naturally, categorical variables and dichotomous ones were not 
transformed. As Hox (2010) recognises, no empirical transformation can ever transform a 
dichotomous variable, which only takes two values, into any resemblance of normal 
distribution. The first case study’s final model residuals were tested for heteroscedasticity 
by plotting residuals against fitted values and are displayed in Figure 4.31, showing that 
data variability is approximately constant across the range of predicted values. No signs 
of heteroscedasticity were present in the data.  
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Figure 4.31 Scatterplot of fitted values versus standardised residuals 
Moreover, it was also necessary to establish that the unexplained variance is roughly 
normal. A normal probability plot of the residuals is a scatter plot with the theoretical 
percentiles of the normal distribution on the y axis and the sample percentiles of the 
residuals on the x axis. The normal probability plot fairly approaches linearity, supporting 
the condition that the error terms are normally distributed (Figure 4.32). 
 
 
 
 
 
 
 
 
 
Figure 4.32 Normal probability plot of residuals to check the assumption that the 
unexplained variation is roughly Normal 
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Finally, random effects were also checked for normality. Figure 4.33 displays the normal 
probability plots of the two random effects included in the final model of the first case 
study, the intercept and the log of the number of rainy days. The probability plots fairly 
approach linearity, supporting the condition that the random effects in the linear mixed-
effects fit are normally distributed. Hence, there is no problem with normality 
assumptions of both random intercepts and random slopes (in this case, log. Sunshine). 
Neither plots deviate from normality significantly.  
Figure 4.33 Normal probability plot to check that random effects are roughly Normal 
 
THE UNCONDITIONAL MEANS MODEL  
An unconditional means (empty) model is a model with no predictors at either level 
which defines the total outcome variation. The construction of an empty model is the first 
step of multilevel analysis. An empty model allows for Intraclass Correlation (ICC) 
estimation which is the value that defines the proportion of total variability in water use 
that is attributable to the households, regardless of time. In other words, ICC allows us to 
assess whether the random effect is present in our data. For this analysis, the empty 
model would include just the intercepts and the random effect for the highest-level 
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variable of the nested structure-in this case: household ID. To compute the ICC, one 
should add the random effect variance estimates (  and ) and then divide the random 
effect of household’s variance estimate   by the total variance estimate (Equation 3). 
                                                              (3) 
In this case, ICC ( value equals 0.656 which means that 65.6% of the variance in single 
family water consumption can be attributed to the between household factors.  
Figure 4.34 Distribution of random effects from unconditional means model (ID=H/H code) 
 
An unconditional means model is also used to assess the need for a multilevel model. If 
there is little evidence of variation among entities (in this case, households) there is no 
point in trying to fit a multilevel model and simple regression would suffice. A baseline 
model is structured, which only includes the intercept. Then the fit of the unconditional 
means model (where intercepts are allowed to vary over contexts) is compared to the fit 
of the baseline model. If the varying intercepts (unconditional means) model has 
improved the fit, then multilevel analysis is essential (Field et al., 2012). 
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Table 4.9 ANOVA for change in models 
Model df AIC BIC LogLikelihood Test L.ratio p value 
1-Baseline model 2 2992.81 3004.6 -1494.40 Model 1 
vs Model 
2 
2602.58 <0.0001 
2-Unconditional means 
model  
3 392.22 409.91 -193.11 
The resulting output (Table 4.9) shows the fit indices for each model. The degrees of 
freedom increased from 2 to 3 in the unconditional means model 
thus . We can conclude that the intercepts vary significantly 
across the different households, thus a multilevel approach is necessary. The Quantile 
plot with confidence intervals (Figure 4.34) reveals that intercept variability is prominent 
in the model, confirming that a multilevel approach would be appropriate in modelling 
these particular data effectively.  
As mentioned earlier, a small number of observations were omitted as they were 
identified as influential outliers. Once outliers were removed and the response variable 
was transformed to the natural logarithm, model residuals approached the normal 
distribution (Figure 4.35). 
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Figure 4.35 Distribution of untransformed (left) and log-transformed (right) response variable  
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4.6.1 Results of Model Development 
 
FITTING FIXED EFFECTS 
The unconditional means model contains only random intercepts. The effect that the 
independent variables have on per capita consumption can be explored by starting to add 
them in the model as fixed effects. At this point, it should be mentioned again that scale 
variables such as weather variables were grand mean centered before the analysis.  
The first variables to be entered in the model were the weather related ones, which were 
the level-1 variables. The natural logarithm of the number of days of more than 1 mm 
rain per month (Log.raindays) and the hours of sunshine per month (Log.sunshine) were 
selected as they appeared to have a more significant effect on water consumption than 
other weather related variables. Also, it was possible for both of them to be used in the 
model, as the relationship between them appeared to be weak, with a correlation 
coefficient of 0.31. Maximum temperature (Log.MaxTemp) and average rainfall 
(Log.rain) were also evaluated but they were omitted for two reasons. They showed a 
weaker relationship with water consumption when used as the only weather variables in 
the model and most importantly they were highly correlated with the other weather 
variables when all three or four weather variables were included, leading to unstable and 
unreliable estimates of regression coefficients.  
At level-2, the dummy variable for the water efficiency programme implementation 
(intervention), which takes the value of 0 and 1 for the period before and after the 
program launch respectively, ACORN class (Acorn) and the number of residents per 
household (occupants) were included in the model. Interactions between variables were 
also explored.  
FITTING RANDOM EFFECTS 
Significant heterogeneity in the slopes for Log.sunshine were found during the analysis. 
This finding indicates that weather sensitivity of per capita water consumption is 
household specific. On the other hand, heterogeneity of slopes for Log.rain was not 
significant. Thus, Log.rain was entered in the model only as a fixed effect.  
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OUTPUTS FOR ALL MODELS 
The fixed and random effects, variance components and full model fit are demonstrated 
in Tables 4.10 and 4.11. In these tables, results from four models are illustrated with the 
simplest model being the Unconditional Means Model (Empty model) and the most 
complex the Full model (including random slopes). The Level-1 fixed model is an 
expansion of the Empty model as it includes weather variables as fixed effects. The 
Level-2 fixed model is an expansion of the Level-1 fixed model as it involves variables 
on the household level (intervention, Acorn, occupants). In the next model, interaction 
terms are added to the Level-2 fixed model. Finally, the Full model differs from the 
Level-2 model in that it also incorporates random slopes for Log.sunshine. The models’ 
equations are shown on Table 4.11. 
Table 4.10 Regression coefficients for all multilevel models 
 Unconditional 
Means Model 
Level-1 
fixed 
Level-2 
fixed 
Level-2 fixed (incl. 
interactions) 
Full model (incl. 
Random Slopes) 
Intercept 4.682 4.681 4.91 4.911 4.909 
Log.rain - -0.0233* -0.025** -0.024* -0.023* 
Log.sunshine - 0.0335** 0.041*** 0.015 0.013 
intervention - - -0.072*** -0.076*** -0.075*** 
Acorn - - -0.074** -0.074** -0.073** 
occupants - - -0.079** -0.106** -0.106** 
Interaction: 
intervention-
occupants 
- - - 0.052*** 0.052*** 
Interaction: 
Log.sunshine-
intervention 
- - - 0.056** 0.059** 
Interaction: 
Log.sunshine-
occupants 
- - - -0.032*** -0.032** 
*p<0.1, **p<0.05, ***p<0.001 
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Table 4.11 Variance components and model equations 
 Parameter Unconditional 
Means Model 
Level-1 fixed Level-2 fixed Level-2 fixed (incl. 
interactions) 
Full model (incl. 
Random Slopes) 
Residual 
 
0.061 0.060 0.059 0.058 0.057 
Intercept of 
Household 
 
0.116 0.116 0.099 0.099 0.099 
Log.sunshine 
slope  
 
- - - - 0.005 
Intercept-Slope 
correlation 
 
- - - - -0.413 
ICC 
 
0.656 0.658 0.627 0.632 - 
Model equations 
Model after the 
inclusion of level-1 
fixed effects 
 
Model after the 
inclusion of level-2 
fixed effects 
 
Model after the 
inclusion of 
interactions 
 
Final Model after 
the inclusion of 
random slopes for 
Log Sunshine-
Random 
Intercepts Model 
with Fixed Effects 
 
, ,  
 
ESTIMATED FIXED EFFECTS AND VARIANCE COMPONENTS 
Per capita water consumption increased with the hours of sunshine and decreased with 
days of rain of more than 1mm, as it was expected. A 10% increase in daily sunshine is 
associated with a 0.39%2 increase in consumption while a 10% increase in days with rain 
of more than 1mm can lead to a 0.24% decrease in consumption (almost no change). At 
the household level, water use was negatively correlated with the dummy variable for the 
water efficiency programme, ACORN class and the number of occupants while it was 
positively correlated with the interaction between the intervention and the number of 
occupants. We can conclude that after the programme launch there was a 6.95% decrease 
in consumption [exp(-0.072)-1] that can be attributed to the water efficiency programme. 
As far as the consumption of separate ACORN classes is concerned, the full model shows 
that moving from ACORN class 1 to ACORN class 5 per capita consumption decreases 
                                                 
2 This coefficient x, as well as the remaining interpretations of x in the form: log(Y1 )=β0 +log(x1), are 
calculated as: A 10% change in x1, changes Y1 by (1.1β0- 1)*100. In the particular example this gives: 
(1.10.041-1)*100=0.00039*100=0.039. 
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by 7.1%. In other words, an average resident of an ACORN class 1 household consumes 
7.1% more water than an average ACORN class 5 household.  
In the case of number of people in the household, the full model demonstrates that an 
average resident of a household of 5 members consumes 7.6% less water than an average 
occupant who lives on its own. The interaction of the intervention with the number of 
occupants was positive and highly significant. This finding translates into the fact that as 
the number of people in the household increased, the effect of devices installation became 
less negative. In simpler words this result shows that in households with more occupants, 
the water efficiency programme was less effective, as the consumption decrease that was 
caused by the devices installation became smaller. The interaction of the intervention 
with log.sunshine was positive and significant. This finding shows that in periods of 
increased sunshine, the effect of the efficiency programme became less negative. This 
notion translates to the fact that the water efficiency programme appeared to be less 
effective in reducing consumption during periods of sunny weather. Finally, the 
interaction term of log.sunshine and occupants was negative and significant. This finding 
shows that the effect of the number of occupants becomes more negative as sunshine 
increases. This notion translates to the fact that during periods of sunny weather, a person 
would consume much more water than usual if he/she lived alone than if he/she lived 
together with more people.  
Multicollinearity was assessed by calculating the variance inflation factors (VIFs) of the 
independent variables (see Section 3.6 and Table A18). All VIFs were under 2.4 thus it 
can be assumed that there is no multicollinearity problem in the dataset. As can be seen in 
Table 4.11, the largest variance components can be found in the empty model and they 
decrease as fixed and random effects are added in the subsequent models. This output 
was expected as the continuously added effects account for more and more variation.  
4.6.2 Comparison of Results from Bootstrapping and Multilevel Analysis 
Participants mean consumption before the programme launch was 272.58 l/hh/d. After 
programme launch, consumption decreased to an average consumption of 250.23 l/hh/d, 
as shown in Figure 4.24. Using per capita consumption per day as a unit of measurement, 
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these values were 123.27 and 108.10 l/capita/d respectively (Figure 4.25). This equals to 
a 12.3% consumption decrease. However, according to the multilevel models’ results, the 
water efficiency programme led to a 6.95 % decrease in daily per capita consumption. 
Evidently, the results between the two methods vary significantly. Subsequently, 
confidence intervals for these two values were produced so that the range of this 
divergence can be deeply investigated. 
Confidence intervals were obtained for the mean per capita consumption before and after 
the programme launch period and for the average consumption difference using 
Bootstrapping procedures on the raw before and after consumption values. Bootstrapped 
confidence intervals for the PCC decrease percentage were: [7.98%, 27.12%]. However, 
it should be stressed that a simple means comparison does not account for the changes of 
external factors such as the weather and for individual households’ characteristics. 
A clear comparison of the weather averages between the period before and after the 
programme implementation was not possible. Every household participated in different 
dates, different months and in some cases, different years. Thus, a conclusion as to how 
much the weather changed during the before/after periods cannot be reached.  
For the two different techniques results to be meaningful, the dataset used for the 
multilevel models was modified so that it only included data for the before and after 
periods. Each household had a different installation period therefore the ‘before’ and 
‘after’ periods differed between households as well. Very often the ‘after’ period for one 
household was in the same months as another household’s before period. Overall, 
‘Before’ period is defined as the period between September 2012 and March 2014 while 
the ‘After’ period is defined as the period between September 2013 and March 2015, as 
used in the means comparison tests.  For this reduced new model, ‘intervention’ was the 
only independent variable and the intercepts were allowed to vary between households. 
Importantly, weather and demographic differences among households were not taken into 
account so that the two methods use exactly the same data. Using the intervals ( ) 
function from the nlme package in R, 95% confidence intervals were obtained for the 
coefficient of the intervention variable: [-.149;-.071] which translate to a range from 
6.85% to 13.84% consumption decrease. This range is much narrower than the 
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bootstrapped confidence intervals.  
It is evident that even without including further predictors apart from the intervention 
predictor, the multilevel model can predict water savings much more precisely than 
techniques such as simple before-after comparisons, since it accounts for the longitudinal 
consumption variations between the households that are taking part in the programme.  
4.7 Chapter Conclusions 
This chapter provided a detailed discussion on the case study area and the data that were 
provided and explored different methods of water savings evaluation while accounting 
for household characteristics in some of them. Beginning with the computationally 
simpler, coarser and less data intensive methods of averages comparisons and ending 
with the much more complex in terms of development and interpretation but much more 
robust multilevel models, a comprehensive range of methods implementation was 
presented in detail and can be of great use to water companies depending on their specific 
data availability. Finally, comparisons of the results from the different approaches were 
made. 
Analysis demonstrated that the water efficiency programme implemented by Anglian 
Water was effective into reducing water consumption. Moreover, analysis pointed out 
areas that a water company can focus on when considering an implementation of a water 
efficiency programme, such as factors that affected a household’s water consumption in 
the context of the two case studies. During analysis for each method, several lessons were 
learnt and are discussed in the Discussion chapter.  
This chapter also illustrated the use of the complex multilevel models in evaluating water 
savings resulting from water efficiency programmes and in recognizing factors that affect 
both per capita water consumption and the effectiveness of the programmes. The use of 
multilevel modelling is a rare finding in the literature, especially in evaluation studies for 
the water sector for which cross sectional or time-series regression are more commonly 
used. The models indicate that the water efficiency programme of the first case study 
caused a consumption decrease of 6.9% (significant at the p<0.001) for the households 
that took part in it. 
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Chapter 5. Results for the Essex and Suffolk Water Case Study 
 
 
 
 
5.1 Introduction 
The purpose of this chapter is to introduce the second case study area, the unique datasets 
that were provided by Essex & Suffolk Water, to discuss the data processing procedure 
and to present the results of the analysis. The structure of the data, their origins and their 
use in the analysis are thoroughly discussed. Additionally, supplementary data obtained 
from other sources such as meteorological data, are introduced. An outline of the 
limitations of the dataset and explanation of the research barriers that result from such 
limitations are illustrated. Insights derived from exploratory analysis of the participants 
and non-participants datasets are discussed and results from the parametric and non-
parametric tests (means comparison tests) that were used to determine the effectiveness 
of each water efficiency programme are presented. The following regression analysis 
results are used to inform the researcher about the factors that should or should not be 
used in the multilevel analysis based on their significance and provide a general overview 
of the way the available contextual data affect consumption. Next, the chapter embarks 
on the multilevel (mixed) models results, determining causal relationships among various 
variables and focusing on the effect that water efficiency trials had on PCC.  
 
5.2 Essex & Suffolk Water Dataset 
5.2.1 Essex & Suffolk Water Area of Operation and the H2eco Initiative 
Essex and Suffolk Water (ESW) together with Northumbrian Water are part of the 
Northumbrian Water Group (NWG). NWG provides water and sewerage services to 
almost 4.4 million customers in Essex, Suffolk and the north-east of England. ESW in 
particular, operates in two separate service areas-Essex and Suffolk (Figure 5.1), 
supplying water to 794,000 properties. NWG supplies 1.1 billion litres of water daily, 
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which is drawn from reservoirs, rivers and groundwater sources.  
The regions of Essex and Suffolk are among the driest areas in the UK. In parallel, the 
area’s water shortage is projected to be further aggravated in the near future due to 
expected population growth. In the light of these challenges, the company recently 
finished the expansion of their reservoirs’ capacity and continues to implement demand 
management measures and maintaining one of the lowest leakage levels in the UK water 
industry (60.9 Ml/day in 2015).  
Figure 5.1 Essex & Suffolk Water area of operation. Source: www.eswater.co.uk 
 
Through water efficiency, ESW saved 12.5 Ml/day during AMP5, exceeding the target of 
9.3 Ml/day. Their H2eco project, is one of the largest ongoing household water efficiency 
initiatives in the UK and a winner at the UK Water Efficiency awards in 2012. The 
project which was launched in 2007 in South Essex, involves home visits by a plumber 
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who provided and fitted a wide range of water saving products to both metered and un-
metered residential customers. Since the programme was initiated, 22,511 full retrofit 
efficiency audits have been undertaken and around 106,000 products are fitted including 
ecoBETA dual flush retrofit devices, tap inserts, aerated showerheads and water butts 
(rainwater harvesting tanks). Each participating property receives up to £110 worth of 
products. The programme also aims at engaging customers by offering advice on how to 
save water, promoting long term water savings. The data collected and analysed in the 
context of the present research were part of the large H2eco initiative. 
5.2.2 Data Collection 
Six-monthly water consumption records over a period of 10 years (2005-2015) were 
received from ESW for a sample of 601 metered households that took part in the H2eco 
project. This sample was reduced to 487 households after omitting the properties that had 
a meter exchange or a reported change in occupancy during these 10 years. Survey 
replies from the same households were also obtained, providing household related 
information such as the number of occupants and the ACORN class. All the information 
obtained through the surveys is listed in the Methodology chapter of this thesis. 
Moreover, the dates of the plumber’s visit to each household were provided. It is worth 
noting that each household received a visit on a different day.  
In parallel, 6-monthly water consumption records for a sample of 5686 properties that did 
not participate in the H2eco initiative were also provided over the same 10-year period 
and they were used as a reference group in the same way as already explained for the first 
case study. However, in this second case study the whole participants sample was located 
in the same geographical area (as opposed to the first case study), the town of Basildon in 
Essex, making the assumption that all households experience the same weather 
conditions feasible. Thus there was no need for further sample disaggregation into sub-
groups based on location as there was in the first case study. Further to the water 
consumption records, the ACORN class and the postcode of each property were provided 
by the company. Once more, there was no information on household demographics such 
as the number of occupants for the reference group of homes.  
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EXPLANATORY VARIABLES 
After removal of outliers, the participants’ sample was reduced to 451 properties. Water 
consumption data for the 451 participating households were accompanied by information 
on each household’s ACORN class (provided by the water company) and number of 
residents. As in the first case study, a member of each household completed a survey on 
the day the plumber visited each property. 
The following Table (5.1) contains the data that were provided for each household and 
were used in the regression analysis as independent variables. The survey involved more 
information than that stated in the table, such as the devices installation dates and the 
number of devices installed in each house. The reason for their exclusion from the 
analysis is that the given data could not be explored through simple least squares 
analysis. They were later incorporated into the Multilevel models, however they were 
excluded once more because most of them did not appear to affect consumption 
significantly and others were strongly correlated with either ACORN class or household 
size, without being particularly powerful predictors themselves.  
Table 5.1 Independent Variables exploration for the second case study 
ACORN class 
A grouping variable that works as a proxy for 
social status and income. It is expected that 
the higher ACORN class is, per capita water 
consumption decreases.  
Number of people in the household 
For a PCC model as the one explored here, it 
is expected that the more people residing in a 
house, the less water is used per capita. 
 
THE REFERENCE SAMPLE 
As in the previous case study, a reference sample was utilized in the context of the means 
comparison tests. In contrast to the first case study, the procedure for choosing a 
reference sample in this case was simpler because all participating households were 
located in the same town. Also the participants sample was large enough to allow 
grouping by ACORN class. Thus, based on their ACORN classes, subsamples of non-
participating households became reference cases for each participating one. This allowed 
for a more meaningful comparison of consumption change between the two groups. 
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WEATHER DATA 
As previously described in the context of the first case study, all weather data used in this 
research were derived from archives from Met Office, the UK’s national weather service. 
Maximum, minimum and mean Temperature, hours of sunshine per month, monthly 
rainfall and days of more than 1 mm of rain were manually extracted from the Met Office 
website for both case studies. For the second case study (Essex & Suffolk Water), the 
regional values for Southeast England were used, as all participating households are 
located in Basildon, Essex.  
 
Figure 5.2 Weather conditions for the second case study 
 
Although five different weather parameters were available through Met Office, finally 
not all of them were used in the analysis. As far as the second case study is concerned, 
the climate parameters that were finally included in the analysis were maximum 
temperature and the days of more than 1 mm of rain (Figure 5.2).  
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5.2.3 Data Advantages 
Apart from some recognized limitations, the data of the second case study demonstrated a 
few unique advantages as well:  
Participating homes unaware of being monitored: Although the homes that participated 
in the programme adopted them voluntarily, they were not told that the company would 
record their consumption for programme evaluation purposes. This fact reduces the bias 
that self-selection of participants adds to the evaluation process. 
Installation period known for each participating property: The exact date of installation 
of the devices was known in this case study as well. This helped the researcher to further 
group the participating households into several ‘installation period groups’ and to 
meaningfully compare their consumption to that of the non-participating households 
without having to hypothesize a uniform installation period. Moreover, this enabled the 
effective use of the water efficiency project as an independent variable in the multilevel 
models.  
Water saving devices fitted by plumbers and not by the tenants themselves: In numerous 
studies, participants in water retrofit programmes had the devices delivered to their 
homes but there is no information as to whether they actually fitted the products or when 
they did. In this study, there is an assurance that a professional installed the devices the 
day of the visit.  
High quality data: The water consumption dataset provided by ESW for the purpose of 
this study contained a very limited number of non-usage (zero consumption) periods and 
only a few extreme outliers, which were excluded. This enabled the full use of the 
available 6-monthly meter reads, providing a rich dataset of more than 450 households 
for multilevel regression analysis.  
5.2.4 Data Limitations 
Unavailability of monthly consumption reads: As previously mentioned, domestic water 
consumption was metered in 6-months intervals. Ideally, water demand research takes 
advantage of monthly consumption records so that the effect of separate months and 
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different monthly weather conditions can be effectively accounted for in the analysis. 
This limitation was overcome using multilevel modelling techniques and by choosing to 
utilize meaningful climate variables that were representative of each 6-montlhy period, 
such as accumulative rainfall.  
Unknown number of people living in the household for non-participating homes: As in 
the previous case study, all analysis that involved both participating and non-participating 
households was done using litres/per household/day as a unit of measurement. Although 
analysis of per capita consumption could lead into more meaningful results, this was not 
possible in this case because data on how many people reside in each house were not 
available for the non-participants group. To overcome this issue, a standardized 
consumption decrease value [(Consumption before Installation-Consumption after 
Installation)/Consumption before Installation] for each home was computed and then 
used for the statistical analysis. This way, consumption decrease was measured as a 
percentage and then comparison between participants and not was made possible. It 
should be noted though that the rest of the analysis, which involved participating 
properties only, was conducted using per capita daily consumption values. 
Zero consumption periods in billing data: In some instances, both the participants and the 
non-participants’ datasets contained several periods of zero consumption. These 
households were omitted from the analysis as it was possible that zero consumption 
periods were caused by a change of tenants and their inclusion in the dataset would 
distort the results. 
Water price was not addressed as a factor of influence in regression: Although the 
influence of water price is very commonly encountered in water demand research, it was 
not used as an independent variable in the regression model since it is homogenous in the 
study area, given that the samples were drawn from one water provider.  
No clear information on garden ownership: Unfortunately, there was no information 
available about whether the participating households had gardens or not, thus water used 
for irrigation purposes could not be accounted for.  Had these data been available, garden 
ownership would have contributed as a variable in the regression model. 
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Absence of household income data: This fact could have been a major barrier both to the 
analysis of factors that affect water consumption and to the evaluation of water savings 
process unless ACORN class/group for each household was known.  ACORN class was 
used instead as a proxy for income and social status of the household as in the first case 
study.  
Absence of useful socio-economic data for non-participating homes: If more data for 
non-participants homes were available such as the number of people in the household, the 
sample used for the regression analysis would be much bigger since the non-participating 
homes sample would be included too. Also, the evaluation of water savings would be 
much easier to compute and even more accurate since direct comparison between 
participants and control group per capita consumption would be possible.  
5.3 Data exploration  
5.3.1 Descriptive Statistics 
Descriptive statistics are presented to provide an overview of the dataset characteristics. 
The statistics were obtained after removal of outliers and periods of no-usage. 
THE PARTICIPANTS’ SAMPLE 
Table 5.2 Participants data descriptive statistics 
 Mean Median SE Max Min n 
Per household consumption (l/hh/d) 288.7 261.5 1.6 1351.8 27.5 451 
Per capita consumption (l/c/d) 130.38  120.08  2.28 340  38 451 
No. of residents 2.33 2 0.055 8 1 451 
Acorn class 3.17 3 0.07 5 1 451 
No. of water saving devices installed 6.94 7 0.12 20 1 451 
Figure 5.3 Distribution of Per Capita Consumption by Acorn class (left) and by the number of 
residents (right) (n=451) 
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Except for ACORN class 3, it is evident that consumption decreases from ACORN class 
1 to 5 (Figure 5.3-left). The ACORN classes that demonstrate the highest consumption 
per person are class 1 and 2. This is an expected outcome given that households that 
belong to class 1 and 2 are usually larger ones, with more water consuming appliances. 
Additionally, these properties tend to belong to people of higher income, living probably 
more lavish lives than the residents of higher ACORN class households. Figure 5.3 
(right) illustrates the distribution of per capita consumption relative to household size. It 
is clear that the more people live in a house the lower the per-person consumption is. As 
thoroughly discussed in the previous case study, this is a finding well documented in the 
literature.  
As seen in Figure 5.4, more than 60% of the households in the sample belong to Acorn 
classes 3 to 5. This fact depicts the prevalence of middle to smaller size households and 
of middle to lower income residents in the sample of participants. Almost 70% of the 
households in the sample comprise 1 or 2 residents. Only 86 out of 451 households 
comprise four or more people. 
Figure 5.4 Distributions of ACORN classes and number of residents in the participating 
households’ sample (n=451) 
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Figure 5.5 illustrates the number of water saving devices installed per number of 
residents. It is clear that more devices were installed in households of more residents. 
This can be explained by the fact that the more people live in a house the larger the 
property usually is. The bigger the household, the more water consuming appliances and 
fixtures can be found in it. Thus there is opportunity to install more water saving devices.   
 
THE NON-PARTICIPANTS’ SAMPLE 
 
Table 5.3 Non-Participants data descriptive statistics.  
 Mean Median SE Max Min n 
Per household consumption (l/hh/d) 323.9  292  0.65 1494.7 25.3 5654 
Acorn class 3.02 3 0.02 5 1 5654 
As previously discussed, the dataset for the non-participating households included 
information on Acorn classes only, as far as demographic data are concerned. Number of 
people per household was not known and as a result per capita consumption could not be 
calculated. Therefore, all analysis that included the non-participants sample was done 
using l/hh/d as the unit of measurement. 
 
 
Figure 5.5 Average Number of devices installed per number of households (n=451) 
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As shown in Figure 5.6 (left) all ACORN classes are fairly represented in the sample. As 
expected, households in ACORN class 1 presented the highest water consumption, 
demonstrating almost a 30 l/hh/d difference from the next higher consuming group in the 
sample which, surprisingly is ACORN class 5. Usually, class 5 households are smaller 
and more financially stretched ones that consume less water than the other classes. 
Apparently, in the given sample this is not the case. The water consumption of ACORN 
classes 2, 3 and 4 appears to be lower than that of class 1 as expected. 
AN OVERVIEW OF CONSUMPTION PATTERNS 
Figure 5.6 Number of households by ACORN class (left) and average consumption per 
ACORN class (right) (n=5654) 
Figure 5.7 Daily Average per H/H Consumption 
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The above graphs illustrate the daily consumption per household for ten years for both 
the participants and the non-participants samples. Both groups present a decline in their 
Figure 5.8 Participants consumption and number of rainy days of more than 1mm 
Figure 5.9 Participants consumption and maximum Temperature  
 150 
 
consumption in spite of the fact that temperature did not show signs of decrease 
throughout this period. However, as it can be seen in Figure 5.8 the number of days of 
more than 1 mm rain show an upward trend. The fact that the amount of rain gradually 
increased throughout the period can be the reason for the consumption decrease for both 
samples. It is also evident in all charts that the participants’ consumption demonstrated a 
rapid decline after the first half of 2011. This is also the time point when the water 
conservation programme was initiated thus there is a strong sign that the conservation 
initiative was successful in reducing water consumption. This possibility is explored 
through the following analyses. 
5.3.2 Data Processing 
Figure 5.10 illustrates the quality assurance checks and the data processing undertaken 
before the analyses for each case study. Steps presented in Figure 5.10 will be discussed 
in detail hereafter. 
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Remove duplicate meter readings 
and kept only the ones taken with 
approximately 6 monthly steps 
Remove properties that had their 
meter changed in the last 10 years 
Transform accumulated 
consumption into 6-monthly 
consumption 
Only for 2nd case study (Essex & 
Suffolk Water 
 
 
 
 
Apply multilevel modeling 
All participating H/Hs data 
Convert m3/day to l/capita/day 
Remove properties registered as 
‘flats’ 
Remove properties with zero 
consumption for over 3 months 
Remove extreme outliers 
Transform outcome variable 
(water consumption) to normal 
distribution 
Transform weather variables to 
normal 
Centre predictor variables 
around grand mean 
Dummy coding of categorical 
variables 
Table 5.10 Data processing procedure 
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INITIAL QUALITY CHECKS AND PROCESSING 
As in the Anglian Water case study, the PCC (Per Capita Consumption) variable was 
created for the participants’ data and the same procedure was followed. For the Essex and 
Suffolk Water case study where six-monthly readings were available, all data for a 
household were removed from the sample if missing values for one six-monthly period or 
more were present.  
A data ‘binning’ procedure was followed in the context of the second case study, where 
the consumption readings were provided in an accumulative form for each household and 
were six-monthly. Binning is a data manipulation process used to obtain consumption 
data at a certain temporal scale thus enabling direct comparison of consumption profiles 
of different customers (Turner et al., 2010). The number of days between readings and 
the net consumption for every period were computed by subtracting the latest read from 
the previous one. However, not all periods between reads were comprised of the same 
number of days, as not all meter readings were undertaken the same day for all 
households and not all periods between reads of the same household had exactly a six-
month difference, although the majority of them were obtained during June and 
December of the same year, with the intervals ranging from 168 to 201 days. Taking into 
account that an average month has 30 days, all six-monthly records were transformed into 
182-day values.  
For some households, there were supplementary reads recorded in between the 6 monthly 
intervals; these values were ignored and the readings were deleted from the datasets.  
EXTREME OUTLIERS’ REMOVAL 
The same procedure as in the previous case study was followed (see Section 4.3.2). 
 
5.4   Results from Non-Parametric Tests and T-tests 
 
In contrast to the first case study dataset, the sample size is big enough both for the 
participants and the non-participants samples. Therefore, non-parametric tests were not 
necessary, as the big sample sizes provide us with the security that the distributions 
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approach the normal distribution. Hence, independent samples T-test and related samples 
T-test were employed.  
5.4.1 Consumption Decrease Comparison Between Participants and Non-
Participants 
The first table (Table A14-Appendix) shows that water consumption for the participants 
group showed a decrease of 11.6% on average whereas for the non-participants it shows 
on average, an increase of 0.2%. It should be noted that the confidence intervals for the 
mean do not overlap for the two groups, implying that they most probably are not from 
the same population. The second table of the output contains the main test statistics. The 
Levene’s test is significant (p<0.05) thus we can assume that the variances are unequal. 
The significance value of t is less than 0.05 thus we can conclude that there is significant 
difference between the means of the two samples. The confidence interval for the 
difference between means cannot be zero or negative, confirming the conclusion that 
consumption decrease for the participants group is significantly different than for the 
non-participants. 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 5.11 Consumption decrease comparison between participants (n=451) and non-
participants (n=5654) 
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CONSUMPTION DECREASE BY ACORN CLASS 
It would be informative to observe how the consumption of participants of different 
ACORN classes responded to the water efficiency devices installation. Therefore, the 
following chart was produced. 
Acorn class 5 showed the largest decrease of all. This can be attributed to the fact that 
that properties that belong to the last class are usually smaller than households of 
ACORN classes 1 or 2 and thus have fewer water fixtures. If a fairly equal amount of 
devices was installed in each household then they would be more effective in reducing 
the water consumption of smaller homes. 
 
Figure 5.12 Average consumption decrease by ACORN class (n=451) 
 
Figure 5.13 shows that households of 5 residents presented the largest consumption 
decrease of all categories, while in properties of 1, 2 and 3 occupants, the consumption 
decrease is the same. This finding is contradictory to the findings of the first case study 
where smaller household sizes had the largest consumption reductions. However, it 
should be highlighted that households of 5 people comprise only 5% of the sample while 
households of 6 residents only represent a 1% of the total sample. Thus, this result may 
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not be representative. Moreover, subsequent multilevel analysis on the effect of 
household size on the efficiency programme’s effectiveness will shed more light into this 
matter. 
CONSUMPTION DECREASE BY NUMBER OF RESIDENTS 
Figure 5.13 Average consumption decrease by number of residents (n=451) 
5.4.2 Consumption Comparison for Participants and Non-Participants Before and 
After the Installation of Water Saving Devices 
A second set of tests was conducted in exploration of the effectiveness of water saving 
devices in the participants’ homes. This time the comparison was made between the 
water consumption before the installation of devices and consumption after for each 
participant and non-participant. It is worth noting that for this before-after comparison, 
the value that should be assessed for normality is the difference between the ‘before’ and 
the ‘after’ value (Field, 2013) and not the consumption values themselves. As mentioned 
previously, the sample size is big enough both for the participants and the non-
participants samples. Therefore, related samples T-test were employed.  
The T-test (Table A15-Appendix) illustrates that on average there was a significant 
change in consumption between the two periods t(450)=12, p<0.001. Participants 
consumption before the installation period was significantly higher (M=300.57, SE=7.6), 
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than after the programme launch (M=260.1, SE=6.68). The bootstrapped confidence 
intervals [33.99, 47.22] support the notion that water consumption decreased after the 
devices installation period, since the interval contains positive values only. This is further 
illustrated in the following figure. The mean consumption for the sample of participants 
was 300.57 l/hh/d and 260.1 l/hh/d before and after the installation of the water saving 
devices respectively. 
 
 
 
 
 
 
 
 
Figure 5.14 Participants consumption before and after programme launch (n=451) 
 
For the non-participants sample, the T-test (Table A16-Appendix) demonstrates that on 
average there was a significant change in consumption between the two periods 
t(4148)=10.07, p<0.001. Consumption before the installation period was significantly 
higher (M=330, SE=2.8), than after the programme launch (M=313.5, SE=2.61). The 
bootstrapped confidence intervals [13.3, 19.4] support the notion that water consumption 
decreased after the devices installation period, since the interval contains positive values 
only. This is further illustrated in Figure 5.15 and it can be due to the increased amount of 
precipitation that was observed (see Figure 5.8). The mean consumption for the sample of 
non-participants was 330 l/hh/d and 313.5 l/hh/d before and after the intervention period 
respectively.  
Although consumption of both participants and non-participants decreased during the 
‘after’ period, the water demand reduction for the participants group is much greater than 
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for the non-participants. This finding indicates that the water efficiency programme might 
be the reason behind the substantial reduction of the participants’ water consumption, a 
possibility which is explored in depth in the next sections.  
 
Figure 5.15 Non-Participants consumption before and after programme launch (n=5654) 
 
  5.5 Results from the Regression Model Development 
Water consumption data for the 451 participating households were accompanied by 
information on each household’s ACORN class and number of residents.  
The data that were provided for each household and were used in the regression analysis 
as independent variables were ACORN class and household size. The survey involved 
more information than these two variables, such as the devices installation dates and the 
number of devices installed in each house. The reason for their exclusion from the 
analysis is that the given data could not be explored through simple least squares 
analysis. They were later considered for inclusion into the multilevel model.   
As in the previous case study, any flats existing in the dataset were excluded. After the 
exclusion of flats, the exclusion of households that had a meter exchange in the last 10 
years and the ones where there was a change of occupancy since the audit or in the last 10 
years, the dataset was reduced to 451 properties. Daily per capita water consumption 
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(PCC) was used as the dependent variable in all linear regression models. As in the first 
case study, hierarchical regression was preferred. In hierarchical (blockwise entry) 
regression independent variables are chosen based on past work and the researcher 
decides in which order to enter the predictors in the model. The model includes ACORN 
class and Number of people in the household as independent variables.  
5.5.1 Model Summary 
For the model, R squared is .113, which means that the independent variables explain 
11% of the variation in per capita daily water consumption. The F-ratio in Table 5.4 
represents the ratio of the improvement in prediction that results from fitting the model, 
relative to the inaccuracy that still exists in the model. F-ratio for the model is 28.56, 
p<0.001 which means that the model improved our ability to predict the outcome 
variable compared to not fitting the model.  
VIF values in the Model Summary table are all well below 10 and the Tolerance statistics 
are well above 0.2; therefore, we can safely conclude that there is no collinearity within 
our data. The average VIF value is 1.003, which is very close to 1 and this confirms that 
collinearity is not a problem.  
Table 5.4 Multiple regression output for the participants 
Model Summaryb 
Model R R Square Adjusted R Square Std. Error of the Estimate 
Change Statistics 
Durbin-Watson R Square Change F Change df1 df2 Sig. F Change 
1 .336a .113 .109 .14893 .113 28.561 2 448 .000 1.937 
a. Predictors: (Constant), ACORN, OCCUPANTS 
b. Dependent Variable: logpcc 
Coefficientsa 
Model 
Unstandardized 
Coefficients 
Standardized 
Coefficients 
t Sig. 
Correlations 
B Std. Error Beta Zero-order Partial Part 
1 (Constant) 2.222 .022 
 
103.081 .000 
   
OCCUPANTS -.041 .006 -.314 -7.064 .000 -.318 -.317 -.314 
ACORN -.012 .005 -.109 -2.444 .015 -.120 -.115 -.109 
a. Dependent Variable: logpcc 
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5.5.2 Model Parameters 
The specific model is defined as: 
• Acorn category (b=-0.12) 
This variable is a proxy for social status, income and property value. As we move from 
ACORN class 1 to ACORN class 5, income, social status and the value of the property 
decrease. Hence, this value informs that as ACORN class moves from 1 to 5, 
consumption per capita decreases. That can be explained if we consider that ACORN 
class 1 is mainly represented by spacious, wealthy households. Members of the first 
ACORN classes might have more water consuming devices in their homes, big gardens 
or swimming pools. On the other hand, the last ACORN classes (4 & 5) are represented 
by smaller, less affluent homes, usually with many residents.  
• Number of people in the household (b=-.40) 
This value shows that the more people live in a house, the less water is consumed per 
person. This is a finding well documented in the literature.  
5.5.3 Model Diagnostics 
After fitting a regression model it is crucial to determine whether all assumptions related 
to regression have been met. Any violations of these assumption can cast doubt on the 
validity of the conclusions drawn.  
The assumptions of linear regression are: 
1. Linearity-The relationship between the outcome variable and the explanatory 
variables is linear. 
2. Homoscedasticity-The variance of the data points about the line of means is the 
same for each explanatory variable. 
3. Independence-The explanatory variables are independent of each other.  
4. Normality-The individual data points of the outcome variable for each of the 
explanatory variables are normally distributed about the line of means. 
Model evaluation relied to a great degree on graphical measures as they reveal more 
about the distribution of the data and the weaknesses of the model.  
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Checking for independence of residuals, Durbin-Watson test confirms that there is no 
significant problem of correlations between errors since the value for this test is close to 
2. Neither datasets presented problems with non-normality after per capita consumption 
was log-transformed., the Quantile-Quantile is a graphical technique for assessing 
whether or not a dataset is approximately normally distributed. The data are plotted 
against a theoretical normal distribution in such a way that the points should form an 
approximate straight line. As shown in Figure 5.16, data points of the ESW dataset lay 
closely on the straight line, confirming that the distribution of log PCC approaches the 
normal distribution.  
Figure 5.16 Q-Q plot for testing normality 
 
   
 
5.6 Results from multilevel analysis 
As previously described, this analysis uses a panel dataset of single-family residential 
water use to explore the extent to which weather, household characteristics and the 
implementation of a water efficiency programme affect water use.  
The independent variables of the multilevel models were selected on two different scales, 
scale 1 and scale 2. Apart from the variables used in the previous case study such as 
weather variables, ACORN class and number of occupants, the number of water saving 
devices or fixtures installed in each household was also used for this case study. 
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Although as explained in later chapters, the effect of this independent variable was not 
significant, its interactions with other variables such as Intervention (dummy variable for 
the water efficiency programmes) were highly significant. 
Table 5.5 Multilevel model predictors by scale 
Scale Predictor (Raw form) Predictor (As used in 
analysis) 
Weather (Level 1) 
N=18942 
Number of days with more than 1mm 
rain 
Log-raindays 
Maximum Temperature (°C) Log-Tmax 
Efficiency programme 
(Level 1) 
Intervention (dummy variable) Intervention (dummy variable) 
Household (Level 2) 
N=451 
Acorn class Acorn class 
Number of occupants Number of occupants 
Number of water saving 
devices/fixtures installed 
Number of devices 
 
The efficiency programme variable on scale 1 is a dummy variable which takes the value 
of either 0 or 1 to indicate the before and after programme launch period respectively for 
each household.  
THE UNCONDITIONAL MEANS MODEL  
Table 5.6 ANOVA for change in models 
Model df AIC BIC LogLikelihood Test L.ratio p value 
1-Baseline model 2 9431.6 9445.6 -4713.8 Model 1 
vs 
Model 2 
8124.7 <0.0001 
2-Unconditional 
means model  
3 1308.9 1329.9 -651.4 
The resulting output (Table 5.6) shows the fit indices for each model. The degrees of 
freedom increased from 2 to 3 in the unconditional means model 
thus . We can conclude that the intercepts vary significantly 
across the different households, thus a multilevel approach is necessary. The Quantile 
plot with confidence intervals (Figure 5.17) reveals that intercept variability is prominent 
in the model. 
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Figure 5.17 Distribution of random effects from unconditional means model (Unique 
ID=Household code) 
As mentioned earlier, a small number of observations were omitted as they were 
identified as influential outliers. Once outliers were removed and the response variable 
was transformed to the natural logarithm, model residuals approached the normal 
distribution (Figure 5.18).  
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Figure 5.18 Distribution of PCC before and after log-transformation (n=451) 
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5.6.1 Results of Model Development 
FITTING FIXED EFFECTS 
The unconditional means model contains only random intercepts. The effect that the 
independent variables have on per capita consumption can be explored by adding them 
gradually in the model as fixed effects. At this point, it should be mentioned again that 
scale variables such as weather variables were grand mean centered before the analysis.  
The first variables to be entered in the model were the weather related ones, which were 
the level-1 variables. The natural logarithm (ln) of the number of days of more than 1 mm 
rain per half year (Log.raindays) and the maximum temperature (logTmax) were selected 
as they appeared to have a more significant effect on water consumption than other 
weather related variables. Also, it was possible for both of them to be used in the model, 
as the relationship between them appeared to be weak, with a correlation coefficient of -
0.314. At level-2, the dummy variable for the water efficiency programme 
implementation (intervention), ACORN class (ACORN), the number of residents per 
household (occupants) and the number of water saving devices installed 
(numberofdevices) were included in the model. Interactions between variables were also 
explored. Significant interactions were discovered between the intervention term and 
ACORN class, the number of residents and the number of devices installed and between 
maximum temperature term and the number of occupants. 
FITTING RANDOM EFFECTS 
Significant heterogeneity in the slopes for the two weather variables was not found. This 
finding indicates that weather sensitivity of per capita water consumption in this case is 
not household specific. Log.raindays and LogTmax were entered in the model only as 
fixed effects. 
OUTPUTS FOR ALL MODELS 
The fixed effects, variance components and full model fit are demonstrated in the tables 
5.7 and 5.8. In these tables, results from four models are illustrated with the simplest 
model being the Unconditional Means Model (Empty model) and the most complex the 
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Full model (including interactions). The Level-1 fixed model is an expansion of the 
Empty model as it includes weather variables as fixed effects. The Level-2 fixed model is 
an expansion of the Level-1 fixed model as it involves variables on the household level 
(intervention, ACORN, occupants, number of installed devices). The Full model differs 
from the Level-2 model in that it also incorporates four interactions. The models’ 
equations are shown on Table 5.8. 
Table 5.7 Model coefficients from multilevel analysis 
 Model 1  Model 2 Model 3 Model 4 Model 5 
 Unconditional 
Means Model 
Level-1 
fixed 
Level-2 
fixed 
Level-2 fixed 
(incl.intervention 
term) 
Full model 
(incl. 
interactions) 
Intercept 4.777 4.78 4.879 4.945 4.90 
Lograindays - -0.235*** -0.2355*** -0.032* -0.033* 
LogTmax - 0.268*** 0.268*** 0.031** 0.067** 
intervention - - - -0.159*** -0.056*** 
Acorn - - -0.031** -0.031** -0.017 
occupants - - -0.090*** -0.091*** -0.109*** 
Numberofdevices - - 0.0015 0.0001 0.009 
Interaction: 
intervention-occupants 
- - - - 0.044*** 
Interaction: 
intervention-Acorn 
- - - - -0.032*** 
Interaction: 
intervention-
numberofdevices 
- - - - -0.023*** 
Interaction: logTmax-
occupants 
- - - - -0.058** 
*p<0.1, **p<0.05, ***p<0.001 
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Table 5.8 Estimated variance components and Model equations 
 Parameter Unconditional 
Means Model 
Level-1 
fixed 
Level-2 
fixed 
Level-2 fixed 
(incl. 
intervention) 
Full model 
(incl. 
interactions) 
Residual  0.056 0.054 0.054 0.049 0.047 
Intercept of Household  0.127 0.128 0.114 0.113 0.113 
Intercept-Slope 
correlation 
 - - - - - 
ICC  0.695 0.703 0.678 0.699 - 
Model equations 
Model after the inclusion 
of level-1 fixed effects 
 
Model after the inclusion 
of level-2 fixed effects 
 
Model after the inclusion 
of the intervention 
variable 
 
Final Model after the 
inclusion of interactions-
Random Intercepts Model 
with Fixed Effects 
,  ,  
 
ESTIMATED FIXED EFFECTS AND VARIANCE COMPONENTS 
Per capita water consumption increased with maximum Temperature and decreased with 
days of rain of more than 1mm, as it was expected. A 10% increase in maximum 
Temperature is associated with a 0.30% 3 increase in consumption while a 10% increase 
in days with rain of more than 1mm can lead to a 0.30% decrease in consumption (almost 
no change). At the household level, water use was negatively correlated with the dummy 
variable for the water efficiency programme, ACORN class and the number of occupants. 
We can conclude that after the programme launch there was a 14.7% decrease in 
consumption since exp(-0.159)=0.853. Using the intervals ( ) function from the nlme 
package in R, confidence intervals were obtained for the coefficient of the intervention 
variable: [-.171;-.149] which translate to a range from 13.8% to 15.7% consumption 
decrease. As far as the consumption of separate ACORN classes is concerned, the full 
model shows that moving from ACORN class 1 to ACORN class 5, per capita 
consumption decreases by 3%. In other words, an average resident of an ACORN class 1 
                                                 
3 This coefficient x, as well as the remaining interpretations of x in the form: log(Y1 )=β0 +log(x1), are 
calculated as: A 10% change in x1, changes Y1 by (1.1β0- 1)*100.  
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household consumes 3% more water than an average ACORN class 5 household. In the 
case of number of people in the household, model 4 demonstrates that an average 
occupant of a household of 5 members consumes 8.7% less water than an average 
occupant who lives on its own.  
The interaction of the intervention with the number of occupants was positive and highly 
significant. This finding translates into the fact that as the number of people in the 
household increases, the effect of devices installation became less negative. In simpler 
words this result shows that in households with more occupants, the water efficiency 
programme was less effective, as the consumption decrease that was caused by the 
devices installation became smaller. The interaction of the intervention with ACORN was 
negative and highly significant. This means that as we move from ACORN class 1 to 
ACORN class 5, the more effective the installation of water saving devices was in 
reducing consumption. A possible explanation for this finding is that households of 
higher ACORN classes are usually smaller than households of ACORN class 1 
households and with less water consuming appliances and fixtures. Thus, if roughly the 
same number of water conserving devices were installed in all households, they would 
cover a larger proportion of water using appliances in smaller properties, making the 
efficiency programme more effective in these homes.  
The interaction of the intervention with the number of water saving devices was negative 
and highly significant. Not surprisingly, this finding shows that the more water 
conserving devices were installed in a household the more effective the water efficiency 
programme would be in decreasing consumption, as the coefficient of the intervention 
variable would become more negative. The interaction of the logarithm of maximum 
temperature with the number of occupants was negative and significant. This finding 
translates into the fact that in higher temperatures, per person consumption in households 
with many occupants becomes much lower than in households of one or two residents. In 
other words, during periods of high temperature, a person would consume much more 
water than usual if he/she lives alone than if he/she lives with other people. This finding 
is further examined in subsequent multilevel analysis by number of residents.  
Multicollinearity was assessed by calculating the variance inflation factors (VIFs) of the 
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independent variables. All VIFs were under 2.4 thus it can be assumed that there is no 
multicollinearity problem in the dataset. As can be seen in Table 5.8, the largest variance 
components can be found in the empty model and they decrease as fixed and random 
effects are added in the subsequent models. This output was expected as the continuously 
added effects account for more and more variation.  
5.6.2 Results from Multilevel Models-Clustering by ACORN Classes 
Using the same model structure as in the aggregated multilevel model described in 
Section 5.6.1, separate models were built for groups of households of the same ACORN 
classes in order to clearly observe differences between groups. 
Table 5.9 Coefficients for multilevel models of ACORN class 1 & 2 households 
 Model 1  Model 2 Model 3 Model 4 Model 5 
 Unconditional 
Means Model 
Level-1 
fixed 
Level-2 
fixed 
Level-2 fixed 
(incl.intervention term) 
Full model (incl. 
interactions) 
Intercept 4.86 4.867 4.867 5.096 4.916 
Lograindays - -0.197*** -0.197*** -0.039 -0.04 
LogTmax - 0.297*** 0.297*** 0.144** 0.148** 
intervention - - - -0.126*** -0.125*** 
occupants - - -0.103*** -0.103*** -0.126*** 
Numberofdevices   -0.024** -0.025** -0.018* 
Interaction: intervention-occupants - - - - 0.057*** 
Interaction: intervention-
numberofdevices 
- - - - -0.018*** 
Interaction: logTmax-occupants - - - - -0.07* 
*p<0.1, **p<0.05, ***p<0.001 
Table 5.10 Coefficients for multilevel models of ACORN class 4 & 5 households 
 Model 1  Model 2 Model 3 Model 4 Model 5 
 Unconditional 
Means Model 
Level-1 
fixed 
Level-2 
fixed 
Level-2 fixed 
(incl.intervention term) 
Full model (incl. 
interactions) 
Intercept 4.743 4.744 4.744 4.763 4.834 
Lograindays - -0.304*** -0.305*** -0.021 -0.021 
LogTmax - 0.262*** 0.263*** -0.028 -0.029 
intervention - - - -0.219*** -0.216*** 
occupants - - -0.101*** -0.103*** -0.119*** 
Numberofdevices   0.0127 0.011 0.024** 
Interaction: intervention-occupants - - - - 0.042*** 
Interaction: intervention-
numberofdevices 
- - - - -0.032*** 
Interaction: logTmax-occupants - - - - -0.048 
*p<0.1, **p<0.05, ***p<0.001 
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Per capita water consumption increased with maximum Temperature and decreased with 
days of rain of more than 1mm, as it was expected. A 10% increase in maximum 
Temperature is associated with a 1.3% increase in consumption for ACORN classes 1&2 
and with a 0.27% for classes 5&6 (non-significant result), while a 10% increase in days 
with rain of more than 1mm could lead to a 0.4 and 0.2% decrease in consumption 
respectively. At the household level, water use was negatively correlated with the dummy 
variable for the water efficiency programme and the number of occupants. We can 
conclude that after the programme launch there was a 19.7% decrease [exp(-0.219)-1] in 
consumption for classes 4&5, a value greater than that of the aggregated model and a 
11.8% decrease [exp(-0.126)-1] for classes 1&2, a value lower than that of the aggregated 
model. This finding further demonstrates the fact that the programme was much more 
effective for higher ACORN classes (poorer households). In the case of number of people 
in the household, the coefficient was the same for both groups indicating that there is no 
ACORN class effect on the relationship between per capita consumption and number of 
residents. 
The interaction of the intervention with occupants was positive and highly significant for 
both groups of ACORN classes. In households with more occupants, the water efficiency 
programme was less effective, as the consumption decrease that was caused by the 
devices installation became smaller. This effect is slightly stronger for classes 1&2. The 
interaction of the intervention with the number of water saving devices was negative and 
highly significant. Not surprisingly, this finding shows that the more water conserving 
devices were installed in a household the more effective the water efficiency programme 
would be in decreasing consumption, as the coefficient of the intervention variable would 
become more negative. The interaction of the logarithm of maximum temperature with 
the occupants was negative but insignificant for both groups of households and therefore 
should not be interpreted.  
5.6.3 Results from Multilevel Models-Clustering by Number of Occupants 
Using the same model structure as in the aggregated multilevel model described in 
Section 5.6.1, separate models were built for groups of households with the same number 
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of residents in order to clearly observe differences between groups. 
Table 5.11 Coefficients for multilevel models of households with a single resident 
 Model 1  Model 2 Model 3 Model 4 Model 5 
 Unconditional 
Means Model 
Level-1 
fixed 
Level-2 
fixed 
Level-2 fixed 
(incl.intervention 
term) 
Full model 
(incl. 
interactions) 
Intercept 4.873 4.878 5.02 4.95 5.057 
Lograindays - -0.325*** -0.325*** -0.034 -0.038 
LogTmax - 0.418*** 0.417*** 0.133* 0.13* 
intervention - - - -0.226*** -0.108** 
Acorn - - -0.04 -0.038 -0.026 
Numberofdevices   0.031 0.027 0.047** 
Interaction: 
intervention-Acorn 
- - - - -0.032*** 
Interaction: 
intervention-
numberofdevices 
- - - - -0.045*** 
*p<0.1, **p<0.05, ***p<0.001 
Per capita water consumption increased with maximum Temperature and decreased with 
days of rain of more than 1mm, as it was expected. A 10% increase in maximum 
Temperature is associated with a 1.3% increase in consumption for one-person 
households while the coefficient for households of three or more people was 
insignificant. A 10% increase in days with rain of more than 1mm could lead to a 0.32 
and 0.6% decrease in consumption respectively. However, it is worth noting that the 
coefficient for households of a single resident was not significant. It is evident that per 
capita consumption of one person households is more sensitive to weather changes.  
At the household level, water use was negatively correlated with the dummy variable for 
the water efficiency programme and ACORN class.  We can conclude that after the 
programme launch there was a 20.2% [exp(-0.226)-1] decrease in consumption for one 
person households, a value greater than that of the aggregated model and a 10.8% 
decrease for households of three or more residents, a value lower than that of the 
aggregated model. As far as the consumption of separate ACORN classes is concerned, 
the model for one person households shows that moving from ACORN class 1 to 
ACORN class 5 per capita consumption decreases by 3.9% while the model for 
households of more than three shows that consumption decreases by 2.7%. This finding 
suggests that an average resident of an ACORN class 1 household who lives on his/her 
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own consumes 3.9% more water than an average ACORN class 5 household resident who 
lives on his/her own, while a person who lives with two or more people in an ACORN 
class 1 household consumes 2.7% more water than an average ACORN class 5 household 
resident who lives with two or more people.  
 
Table 5.12 Coefficients for multilevel models of households with 3 or more residents 
 Model 1  Model 2 Model 3 Model 4 Model 5 
 Unconditional 
Means Model 
Level-1 
fixed 
Level-2 
fixed 
Level-2 fixed 
(incl.intervention 
term) 
Full model 
(incl. 
interactions) 
Intercept 4.647 4.648 4.738 4.839 4.735 
Lograindays - -0.210*** -0.210*** -0.065** -0.067** 
LogTmax - 0.147** 0.147** 0.002 -0.0005 
intervention - - - -0.114*** 0.006 
Acorn - - -0.027* -0.027* -0.013 
Numberofdevices   -0.006 -0.007 -0.002 
Interaction: 
intervention-Acorn 
- - - - -0.035*** 
Interaction: 
intervention-
numberofdevices 
- - - - -0.012*** 
*p<0.1, **p<0.05, ***p<0.001 
The interaction of the intervention with Acorn was negative and highly significant and 
the coefficient was the same for both groups. This means that as we move from ACORN 
class 1 to ACORN class 5, the installation of water saving devices is more effective in 
reducing consumption. This effect is slightly stronger for one person households. The 
interaction of the intervention with the number of water saving devices was negative and 
highly significant. Not surprisingly, this finding shows that the more water conserving 
devices were installed in a household the more effective the water efficiency programme 
would be in decreasing consumption. This effect was stronger for one person households. 
5.6.4 Comparison of Results from Bootstrapping and Multilevel Analysis 
Participants mean consumption before the programme launch was 300.571 l/hh/d. After 
programme launch, consumption decreased by an average of 40.50 l/hh/d based on the 
paired samples T-test results (Table A15-Appendix). This equals to a 13.47% 
consumption decrease. According to multilevel analysis, the water efficiency programme 
led to a 14.7% decrease in per capita consumption per day. Paired samples T-test was 
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repeated with l/c/day as unit of measurement so that the results from the two techniques 
can be compared effectively. 
Paired samples T-Test points out that there was a 13.85% decrease in per capita 
consumption of the participating households equal to 18.81 l/person/day, a value close to 
the result of multilevel model. Moreover, maximum Temperature was 19.2 and 17.7 for 
the first 6 months of 2011 and 2012 respectively. The number of days of rain of more 
than 1mm was 46.9 for the first half of 2011 while it was 64.2 for the first half of 2012. 
This maximum Temperature decrease and the increase in precipitation values during the 
period after programme launch may have been two of the factors that caused the 
remaining observed consumption reduction (6.8% explained by the water efficiency 
programme).  
Using the Bootstrapped confidence intervals of the before and after per capita 
consumption values and of the mean before-after consumption difference from the T-test 
output, the extracted confidence interval for consumption decrease as estimated through 
the Paired samples T-test is [10.9%; 17 %]. However, it should be stressed that T-test 
does not account for the changes of external factors such as weather and for individual 
households characteristics. 
For the two different techniques results to be meaningful, the dataset used for the 
multilevel models was modified so that it only included data for the two 6-month periods 
(first six months of 2011 and 2012 respectively) as used in the paired samples T-test. For 
this new model, intervention was the only independent variable and the intercepts were 
allowed to vary between households. Using the intervals ( ) function from the nlme 
package in R software, 95% confidence intervals were obtained for the coefficient of the 
intervention variable: [-.1766;-.13] which translate to a range from 12.2% to 16.2% 
consumption decrease. This range is smaller than the confidence intervals provided by 
the Paired samples T-test. It is evident that even without including further predictors apart 
from the intervention predictor, the multilevel model can predict water savings much 
more precisely than means comparison techniques such as paired samples T-test, since it 
accounts for differences between the households that are taking part in the programme 
and for changes in consumption patterns over time.  
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Table 5.13 Paired Samples T test output for participants (PCC) 
Paired Samples Statistics 
 Statistic 
Bootstrapa 
Bias Std. Error 
BCa 95% Confidence Interval 
Lower Upper 
 before_pcc Mean 135.8325 .1060 2.6910 130.8183 141.5550 
N 451 
    
Std. Deviation 57.00197 -.05917 3.83160 50.04414 64.11703 
Std. Error Mean 2.68412 
    
after_pcc Mean 117.0186 .0259 2.2722 112.7463 121.5017 
N 451 
    
Std. Deviation 49.09543 -.10259 2.75362 44.46303 54.09219 
Std. Error Mean 2.31181 
    
a. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples 
 
 
Paired Samples Test 
 
Paired Differences 
 df 
Sig. (2-
tailed) Mean 
Std. 
Deviation 
Std. Error 
Mean 
95% Confidence Interval of 
the Difference 
Lower Upper 
 before_pcc - after_pcc 18.81394 35.91334 1.69109 15.49052 22.13736 11.125 450 .000 
 
 
Bootstrap for Paired Samples Test 
 Mean 
Bootstrapa 
Bias Std. Error Sig. (2-tailed) 
BCa 95% Confidence Interval 
Lower Upper 
 before_pcc - after_pcc 18.81394 .08009 1.68734 .001 15.46615 22.26034 
a. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples 
5.7 Chapter Conclusions 
This chapter described the case study area of Essex & Suffolk Water, provided insight on 
the data that were provided by the company and on those that were finally used in the 
context of each analysis method. It explored different methods of water savings 
evaluation while accounting for household characteristics in some of them. Beginning 
with the computationally simpler, coarser and less data intensive methods of averages 
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comparisons and concluding with the much more complex in their development and 
interpretation but much more robust multilevel models, a comprehensive range of 
methods implementation was presented in detail and can be of great use to water 
companies depending on their specific data availability. Finally, comparisons of the 
results from the different approaches were made. 
Analysis demonstrated that the water efficiency programmes of Essex & Suffolk Water 
was effective into reducing water consumption. Moreover, analysis pointed out areas that 
a water company can focus on when considering an implementation of a water efficiency 
programme, such as factors that affected a household’s water consumption in the context 
of this particular case study. During analysis for each method, several lessons were learnt 
and are discussed in the Discussion chapter.  
This chapter also illustrated the use of the complex multilevel models in evaluating water 
savings resulting from water efficiency programmes and in recognizing factors that affect 
both per capita water consumption and the effectiveness of the programmes. The use of 
multilevel modelling is a rare finding in the literature, especially in evaluation studies for 
the water sector for which cross sectional or time-series regression are more commonly 
used. The models indicate that the water efficiency programme of the second case study 
led to an impressive consumption decrease of 14.7% (approximately 19 litres/person/day) 
for the households that took part in them. 
For the Essex & Suffolk Water case study, which was more data rich, multilevel models 
were created for groups of households with common characteristics such as ACORN 
class and number of residents. Using this grouping method, evaluation of water savings 
was made possible for households of different attributes and meaningful information was 
drawn. It was observed that poorer and usually smaller households of higher ACORN 
classes (4&5) saved more water (9.7% decrease) than more affluent and relatively bigger 
households of ACORN classes 1&2 (5.3% decrease). The role of number of residents per 
household in consumption reduction was also explored. According to the results, one-
person households demonstrated larger reduction in their water use (9.9%) as a result of 
the efficiency initiative than properties of 3 or more people (5%).  
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Chapter 6. Discussion 
 
 
 
6.1 Introduction 
This chapter discusses the results from multilevel analysis, comparing research findings 
from this work to results of previous documented research, exploring both the effect of 
the weather variables and of the household specific ones on monthly per capita 
consumption. It also provides a detailed discussion on the relationships between achieved 
water savings and weather and demographic variables. The chapter continues with 
implications for urban water demand management and policy and it highlights the 
problems encountered during the data collection and analysis processes. Section 6.6 
presents a novel framework for water efficiency initiatives savings evaluation based on 
multiple data availability circumstances.  
6.2 Weather Driven Sensitivity of Single Family per Capita Water Demand 
Climate change, among the numerous risks it poses to the environment and the humanity, 
is also likely to increase water demand (US EPA, 2016). Water suppliers in the UK are 
embarking on extensive studies on the effect that the changing climate may have on their 
water supply resources and their customers’ demand in the future. As already described 
in Chapter 2, numerous UK companies operate in areas of growing water stress which is 
expected to create supply-demand imbalance in the near future. As a result, more and 
more water efficiency programmes are being launched in the country. Apart from 
ensuring that there will be sufficient water to meet customers’ demand, the 
implementation of successful water efficiency initiatives itself requires long term 
planning that takes both climate change and local weather conditions into consideration. 
This section presents results obtained from multilevel analysis, further investigating 
weather effects on water demand in conjunction with past research findings.  
For the first case study, a 10% increase in daily sunshine was associated with a 0.39% 
increase in consumption (p<0.001), while a 10% increase in days with rain of more than 
1mm was shown to lead to a 0.24% decrease in consumption (p<0.05). Accordingly, for 
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the second case study, a 10% increase in maximum Temperature is associated with a 
0.30% increase in consumption (p<0.05), while a 10% increase in days with rain of more 
than 1 mm can lead to a 0.30% decrease in consumption ((p<0.1). These results are in 
line with past research, which in its greater extent found climate variables to be 
significant but of low magnitude (Martinez-Espineira, 2002; 2003, Martinez-Espineira 
and Nauges, 2004, Gato et al., 2007, Mieno and Braden, 2011). Maidment and Miaou 
(1986) and Gato et al. (2007) point out however, that there are weather thresholds 
under/over which consumption is not affected by weather factors.  
Additionally, in the context of the second case study, it was also possible to examine the 
effects of weather on separate ACORN classes and on households of different number of 
tenants. This analysis showed that a 10% increase in maximum Temperature is associated 
with a 1.3% (p<0.05) increase in consumption for ACORN classes 1&2 and a 0.27% 
(non-significant) decrease for classes 5&6, while a 10% increase in days with rain of 
more than 1 mm could lead to a 0.4 and 0.2% (non-significant) decrease in consumption 
for classes 1&2 and 5&6 respectively in the full model. Although the effect of 
precipitation appeared to be strong in the previous models, showing that a 10% increase 
in days with rain of more than 1 mm could lead to a 1.97% and 3.05% (p<0.001) 
decrease in consumption of classes 1&2 and 5&6 respectively, its effect became weaker 
as variance was absorbed by other variables in the next more complex models. In a 
similar manner, the effect of maximum Temperature weakened in the more complex 
models whereas in model 3 it was much more pronounced. According to model 3 (Table 
5.9 & 5.10), PCC increased by almost 3% for ACORN classes 1&2 and 2.6% for classes 
5&6 following a 10% increase in maximum Temperature (p<0.001). Based on these 
results, we cannot conclude that there is a significant difference in the way consumption 
of separate ACORN classes is affected by the weather. However, there are signs that 
ACORN classes 1&2 are more sensitive to weather changes, maximum Temperature in 
particular, compared to the rest ACORN classes. This finding is also supported by 
Martinez-Espineira (2003), who found that climate affects demand only in high income 
households. 
According to the results produced through the full multilevel model for the second case 
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study, a 10% increase in maximum Temperature is associated with a 1.3% increase in 
consumption for one-person households (p<0.1) while the coefficient for households of 
three or more people was insignificant. A 10% increase in days with rain of more than 1 
mm could lead to a 0.32 and 0.6% (p<0.05) decrease in consumption respectively, 
however, it is worth noting that the coefficient for households of a single resident was not 
significant. Although the effect of precipitation appeared to be strong in the previous 
simpler models, showing that a 10% increase in days with rain of more than 1 mm could 
lead to a 3.25% and 2.10% (p<0.001) decrease in per capita consumption of a single 
resident and three or more residents properties respectively, its effect became weaker as 
variance was absorbed by other variables in the next more complex models. Similarly, 
the effect of maximum Temperature weakened in the more complex models whereas in 
model 3 it was much more pronounced. According to model 3 (Tables 5.11 & 5.12), per 
capita consumption increased by almost 4.2% for single person households (p<0.001) 
and 1.5% for properties with three or more residents (p<0.05) following a 10% increase 
in maximum Temperature. Based on these results, it can be inferred that per capita 
consumption of people living on their own is slightly more sensitive to weather changes 
than that of those living with two or more people, a finding that is supported by previous 
research (Bao, 2013).  
This finding is also demonstrated in sections 4.6.1 and 5.6.1, where the multilevel model 
produced significant negative coefficients for the interaction between maximum 
Temperature and household size and between sunshine and household size. These results 
add value to the previous finding by illustrating that during periods of high temperature 
and sunnier weather, a person would consume much more water than usual if he/she lives 
alone than if he/she lives with other people. This finding can be explained by the possible 
presence of gardens and outdoor water use. When the weather is sunnier it usually rains 
less and evapotranspiration increases, thus people need to water their gardens more 
regularly. However, in one or two-persons households, per capita outdoor water 
consumption is larger than in households with more residents as a result of economies of 
scale (See Section 2.5). On the other hand, House-Peters et al. (2010) point out that a 
household’s water consumption sensitivity to weather changes is mainly related to the 
property’s physical attributes and not to socio-economic factors such as household size, a 
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finding also supported by Balling et al. (2008). In the context of the present research, this 
possibility could not be examined since the available data were not adequate for further 
exploration of this effect. 
The effect of weather was also explored in relation to the water efficiency programme’s 
effectiveness. In the context of the first case study, the interaction of the programme with 
the sunshine variable was positive and significant. This finding shows that the water 
efficiency programme appeared to be less effective in reducing per capita consumption 
during periods of sunny weather. The reason behind this finding remains unclear to the 
researcher and it is suggested that further research should be carried out so that the effects 
of weather on the effectiveness of water efficiency programmes can be discerned.  
6.3 Household Driven Sensitivity of Single-Family per Capita Demand 
It is common in water demand research that researchers explore the influence of 
household specific factors on water consumption. Often referred to as ‘demographic 
variables’, various household attributes and characteristics are used in regression models 
as predictors of per capita consumption since the 1960s. The household appears to be the 
most appropriate unit to explore the relationship between a population and domestic 
demand (De Sherbin et al., 2007) while the number of household specific factors used in 
each study is dependent on data availability and on the size of the households’ samples. 
In some instances, although there are available data on many different household factors, 
sample sizes are too small to incorporate all of them; otherwise there is the risk of over 
specification or overfitting of the water demand models. Thus, demographic variables 
should always be used with caution and according to previous relevant research findings.  
In this study, there were several different demographic variables tested for their effect on 
per capita consumption. However, as anticipated, some proved to be stronger predictors 
than others and they were chosen for inclusion in the multilevel analysis for the two case 
studies. These variables were ACORN class, the number of residents, the number of 
water saving devices fitted and the dummy variable for the water efficiency programme 
which indicated the programme take up period for each property.  
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6.3.1 The Effect of ACORN Class  
The ACORN classification system can be used in a range of planning studies, including 
water demand management ones. Per capita consumption in ACORN class 1 properties 
was 7.1% higher than in class 5 ones (p<0.05) in the first case study (Anglian Water 
Services). In the second case study (Essex & Suffolk Water), the difference between 
ACORN class 1 and 5 in terms of PCC was 3% (p<0.05). Although the ACORN class 
coefficient for the second case study was smaller, the effect of the variable was highly 
significant, indicating that more affluent residents consume more water than the 
financially stretched ones. The most likely explanation for this is that richer homes 
usually contain more water amenities, both indoors and outdoors and that due to their 
affluence, they might be less concerned about their water bills. This finding is also 
supported by relevant research which shows that suburban affluent homes use more water 
than the rest household types (Russac et al., 1991; Kowalski and Marshallsay, 2005; 
Harlan et al., 2009). It can be inferred that ACORN class can be used as a proxy variable 
for income and social status.  
As Domene et al. (2006) point out, the effect of income and social status is more 
prevalent in the households that have gardens and therefore when outdoor water use 
exists. However, often researchers critique the use of population classification systems 
such as ACORN categorization as for their representativeness (Clarke et al., 1997; 
Maksimovic et al., 2003).  
The effect of ACORN class was also explored in terms of the water savings that each 
category achieved due to the water efficiency programmes in which the households 
participated. As seen in section 5.6.1, the interaction between the efficiency programme 
variable and the ACORN class dummy variable was negative and highly significant. This 
result illustrates that the programme was more effective in reducing PCC in the ACORN 
class 5 properties rather than class 1 properties, an effect which also appeared in the 
means comparison analysis in section 5.4.1. In simpler words, it supports the notion that 
the more financially stretched households reduced their consumption to a greater extent 
because of the efficiency programme while the most affluent ones showed the least water 
savings. After conducting further multilevel analysis for the participating households in 
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the H2eco project (2
nd case study), clustered by ACORN groups (section 5.6.2) it was 
shown that ACORN class 1&2 properties decreased their per capita consumption by 
11.8% (p<0.001) while classes 4&5 presented an impressive 19.7% decrease (p<0.001) 
on average. These results agree with Australian research (Turner et al., 2005a) which 
showed that the indoor water saving potential in low income homes is 18% greater than 
in other income groups. Lawson (2015) in his study on the H2eco efficiency programme 
concluded in the same results, pointing out that ‘Urban Adversity’ homes achieved the 
biggest water savings. The study by Lawson (2015) was the only study found in the 
literature which examines the influence of ACORN class on a water efficiency 
programme’s effectiveness in the UK.  
As seen in Section 5.6.2, the two models for different ACORN classes produced exactly 
the same coefficient for the household size variable (9.8%, p<0.001). This result 
demonstrates that ACORN class has no effect on the relationship between PCC and 
household size, showing that in households of more than one residents PCC will be lower 
than in properties of a single resident, regardless of ACORN class. 
6.3.2 The Effect of the Number of Occupants (Household Size) 
The number of occupants is a very commonly used variable in water demand studies and 
it usually appears to be significantly associated with total water use and per capita 
consumption. Many researchers (Al-Noaimi, 2004; Gaudin, 2006; Foster, 2011) suggest 
that per capita consumption decreases with an increase in household size (i.e. number of 
residents). Most studies indicate that there are some economies of scale with many 
residents in a house, where food preparation, dish washing, gardening and other activities 
take place despite of the household size and are capitalized on a shared living 
environment (Hoglund, 1999; Arbues, 2000; Polebitski and Palmer, 2010; Foster, 2011). 
Moreover, as far as water conserving habits are concerned, research by Gilg and Barr 
(2006) showed that households of fewer residents are more likely to be committed 
environmentalists, therefore it is more probable that they will achieve larger water 
savings.  
The effect of household size on per capita water demand along with its contribution on 
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water reduction achieved through the water efficiency programmes were thoroughly 
tested in the present study. In the context of the first case study, it was shown that people 
living alone consume 7.6% (p<0.05) more water per day than those who live in a five-
member home.  
An interesting finding was the significant negative coefficient for the interaction between 
sunshine hours and the number of occupants. This finding illustrates that during periods 
of sunny weather, a person would consume much more water than usual if he/she lived 
alone than if he/she lived together with more people. A possible explanation for this is 
summer outdoor use. Water quantity used for irrigation is larger during sunny weather, 
due to evapotranspiration and decreased frequency of rain events and as explained earlier, 
garden watering is going to take place regardless of how many people live in a particular 
household. As already discussed earlier in Section 6.2, past research (Balling, 2008; 
House-Peters et al., 2010; Bao, 2013) suggests that there is a relationship between a 
household’s consumption sensitivity to weather and socioeconomic characteristics, 
although this relationship appears to be weak in most instances.  
For the second case study, a 8.7% difference in PCC (p<0.001) was observed between 
single person households and 5-people households, with people living alone consuming a 
larger quantity of water on average. A 10% temperature increase would result into a 1.3% 
increase in the consumption of single occupancy homes (p<0.1), while there was no 
significant effect in the case of households of 3 or more members. A 10% increase in 
days with rain of more than 1mm could lead to a 0.6% decrease (p<0.05) in consumption 
for households of 3 members or more, while there was no significant result for single 
occupancy homes, as shown in the multilevel model (clustered by household size-Section 
5.6.3). The models also suggest that a person who lives with two or more people in an 
ACORN class 1 household consumes 2.7% (p<0.1) more water than an average ACORN 
class 5 household resident who lives with two or more people. In the case of people who 
live alone, there was no significant difference in PCC among different ACORN classes.  
It is common for ACORN class 1 residents to be prosperous pensioners who stay at home 
during the day. As such, it is inevitable that they consume more water than other 
residents of other ACORN classes who are usually working away from home during 
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weekdays. The same results were produced in previous studies by Lyman (1992) and Fox 
et al. (2009). Unfortunately, information on the age of the occupants was not available in 
this study.  
It was also shown that the interaction term of the water efficiency programme and the 
number of residents was positive and significant (p<0.001), indicating that in households 
with more occupants, the water efficiency programme was less effective, as the PCC 
decrease that was caused by the devices installation became smaller. This results agrees 
with the previous study by Gilg and Barr (2006). Specifically, the multilevel model 
showed that after the programme launch there was a 20.2% (p<0.001) decrease in 
consumption for one person households and a 10.8% (p<0.001) decrease for households 
of three or more residents.  
6.3.3 The Effect of the Number of Fitted Water Saving Devices 
Multilevel models for the second case study showed that the more water conserving 
devices were installed in a household the more effective the water efficiency programme 
would be in decreasing consumption, a result not surprising at all. In the disaggregated by 
ACORN class models, this effect was more prevalent in ACORN class 4&5 households 
and this can be attributed to the fact that class 4&5 homes are usually smaller and with 
less water using appliances than the larger homes that belong to ACORN class 1 and that 
may need several more efficiency retrofits for their water savings to be substantial. 
In the analysis that was conducted for separate groups of household sizes in Section 
5.6.3, it was shown again that the more water conserving devices were installed in a 
household the more effective the water efficiency programme would be in decreasing 
consumption. This effect appeared to be stronger for one person households and due to 
the economies of scale effects explained earlier in this Section, this effect becomes 
weaker in homes of two or more residents.  
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6.4 Comparisons of the Two Case Studies 
The two cases that were examined in the context of this study shared some similarities 
but also exhibited a few big differences, both in terms of setting and analysis outcomes.  
On both cases, the participating households received a home visit by authorised 
plumbers, who had one-to-one discussions on water saving practices with house members 
and installed a number of water saving devices/fittings in each household. The fitted 
devices in both case studies had similar attributes and functions. Additionally, one house 
member from each participating household completed a survey, either on the day of the 
plumber’s visit or later on.  
On the other hand, the water consumption readings provided by each company differed 
significantly-for the Anglian Water case study the readings were monthly for a period of 
three years (2012-2015) while for the Essex & Suffolk Water case study they were six-
monthly and covered a period of ten years (2005-2015). The two water efficiency 
programmes were active during different periods as well. The programme initiated by 
AWS was initiated in 2013/2014 whereas the one launched by ESW started in 2011. As a 
result, the weather conditions that were taken into account for the pre-intervention and 
the after-intervention period for each case study differed significantly. As shown in 
Figure 4.10, a temperature rise was observed after AWS’s programme initiation and as it 
was expected, the consumption of the group of non-participating households showed an 
increase. Participants’ consumption on the other hand showed signs of a small decrease, 
probably due to the efficiency programme’s effect. In the ESW case study, temperature 
remained relatively stable shortly after the programme launch whereas the number of 
days of more than 1 mm rain increased (Figure 5.8 and 5.9). As a result, the water 
consumption of both groups of households decreased, however the participating 
households demonstrated a much more pronounced decrease in their consumption, as 
shown in Figure 5.7.  
Although the consumption data received from ESW were six-monthly, they were of very 
high quality as they contained no zero consumption records, a very small number of 
extreme outliers and they were accompanied by information on changes of occupancy 
and meter exchanges. On the other hand, consumption data received from AWS were 
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harder to work with although they were of higher resolution (monthly readings). They 
contained many periods of zero consumption and a substantial number of extreme 
outliers which were omitted from the analysis. The results produced for the first case 
study (AWS) were less pronounced than the ones illustrated in the second case study. 
This is depicted by the fact that the formulation of multilevel models for separate 
ACORN classes and household sizes was not possible for the AWS case study, as the 
disaggregated models did not produce significant results.  
In terms of the analysis outcomes, despite their different settings, both case studies drew 
similar conclusions concerning the relationships among demographic variables, climate 
variables and the water efficiency programmes’ effect (see Sections 6.2 & 6.3). As 
already discussed in Section 3.2.2, a common concern about case studies, especially 
single case studies, is that they do not produce generalizable results. However, this work 
adopted a double case study methodology in which each case produces similar results, a 
fact that added trustworthiness to the research and made the research outcomes more 
generalizable and robust. 
6.5 Caveats and Limitations 
Sections 4.2.4 and 5.2.4 outlined important limitations as far as the data that were used in 
each case study are concerned. In this Section, broader caveats of this research are 
discussed.   
Lack of important data 
In both datasets that were available for the two case studies, there was lack of detail about 
the water consumers. Information on garden ownership and garden type and size, age of 
residents, their occupation and household income was not available. Had these data been 
available for this study, more detailed analysis would be possible and even more insights 
would have been gained, not only as far as household consumption is concerned, but also 
on the factors that affect a household’s potential to save water.  
Representativeness of the wider population 
The sample sizes could have been larger, especially in the first case study. Although the 
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existing sample of households covered a large part of the water utility’s area of operation, 
it only consisted of 63 properties (after outliers cleaning). As a result, there is uncertainty 
as to how representative it would be if extrapolated to a larger area. Moreover, as shown 
through descriptive statistics and graphs in Section 4.3.1, the dataset of the first case 
study is biased towards ACORN classes 1 and 3 as more than 70% of the households in 
the sample belong to these categories. This fact depicts the prevalence of middle to large 
size households and of middle to high income residents in the sample of participants. In 
the second case study, the participants’ sample was large, however it only covered a 
certain area, Basildon, Essex. More than 60% of the households in the sample belong to 
ACORN classes 3 to 5. This fact depicts the prevalence of middle to smaller size 
households and of middle to lower income residents in the sample of participants for the 
second case study.  
Technological changes are not accounted for 
It is important to note that information on any changes of water using appliances in the 
participating households was not available. Thus, whether old appliances were replaced 
with new ones or new water using features were added in the households was not known 
to the researcher. It is extremely rare for water companies to collect data of such detail as 
it would require frequent visits to the properties, thus it would be very costly and time 
consuming.  
Behavioural aspects are not accounted for 
The role of water use habits and of attitudes towards saving water are areas that have 
received less attention by researchers. There was some available information on water 
use habits in the context of the first case study, which was obtained through surveys. 
However, after careful inspection the researcher realised that there were many missing 
replies and secondly, after behavioural variables were incorporated into the models, they 
were not significantly related to per capita demand and they were lowering the predictive 
power of other variables. Under the risk of models’ over specification, it was decided that 
behavioural causal variables would be omitted from the analysis. 
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6.6 A Framework for Water Savings Evaluation in Cases of Data Limitations 
As mentioned earlier in this thesis (Section 2.6), Australia and the US are leading the way 
when it comes to the implementation of water efficiency programmes as well as the 
evaluation of savings that come as a result of such initiatives. The Integrated Resource 
Planning (IRP) framework is a novel approach in water resources management, 
developed in Australia. It is internationally considered a best practice decision making 
process, especially in the case of water efficiency research. However, the methods that 
are proposed by IRP cannot be fully adopted by companies with data limitations. This 
problem is due to the fact that the evaluation process outlined throughout the framework 
mainly uses data intensive methods such as micro-component analysis and participant-
control group comparisons. Data on end-uses (micro-component data) and adequate 
information for the formation of a control group are not usually available through UK 
water providers.  
The report by Fyfe et al. (2010) (see Section 2.3.4) provides useful guidelines for water 
industry practitioners who wish to perform an evaluation of water savings after an 
efficiency initiative. However, all possible data availability circumstances are not taken 
into consideration and they are not explicitly assigned to specific methods (Table 2.1). 
This research fills this gap by providing thorough guidelines on choosing an appropriate 
evaluation method depending on separate detailed data availability circumstances. After 
studying various water efficiency programme evaluation reports, issued by both UK and 
overseas water providers as well as peer reviewed research papers (see Section 2.6), 
gathering information on the data and analysis methods that were used by each company 
for these evaluations and taking into account the precision and detail that every method 
demonstrated, the researcher enhanced the framework that was created by Fyfe et al. 
(2010), producing Table 6.1. 
Fyfe et al. (2010) also comment on the value of sample segregation based on household 
specific demographic characteristics. They suggest that a disaggregation into 
demographic categories can provide useful information on the relative effectiveness of an 
efficiency initiative in particular groups of customers and they strongly recommend 
future research in this area. Through multilevel modelling, this research demonstrated 
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that households belonging to the same ACORN class presented similar water savings. 
Following this finding, this study also enhances the evaluation guidelines that are 
provided by Fyfe et al. (2010) by introducing ACORN class as a sample aggregation 
method that can be applied in the UK as a way to better understand the water savings that 
were achieved by households of different income and social status. It should be noted 
though that a sample disaggregation into smaller subgroups can be meaningful and can 
lead to significant results only if each new subgroup comprises of a substantial number of 
entities. The enhanced framework for water savings evaluation is illustrated in Table 6.1, 
while the following paragraphs explain the evaluation methods that are mentioned in the 
framework.
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Table 6.1 Framework for water savings evaluations 
  
(1) 
Before-
After 
Tests 
(2) Average 
before-after 
consumption 
comparison-
non 
parametric 
tests 
(3) Average 
consumption 
change 
comparisons-
non 
parametric 
tests 
(4) Average 
before-after 
consumption 
comparison- 
paired 
samples t-test 
(5) Average 
consumption 
change 
comparisons-
independent 
samples t-test 
(6) Time 
series 
regression 
using 
participants' 
data 
(7) Average 
before-after 
consumption 
comparison by 
Acorn class- 
paired 
samples t-test 
(8) Average 
consumption change 
comparisons between 
same Acorn classes-
independent samples 
t-test 
(9) Matched 
pairs means 
comparison 
(MPMC) 
(10) Cross 
sectional 
regression 
(11) 
Multilevel 
modelling 
using 
participants' 
data 
  
                           Robustness 
      Group 
1 2 2 2 2 2 3 3 5 4 5 
Data 
Availability 
Participating H/Hs  Non-participating H/Hs          
              
1 
Short term reads from 
before and after the 
program launch 
- ✓      
              
2 
Short term reads from 
before and after the 
program launch 
Short term reads from 
before and after the program 
launch 
✓      
              
3 
6-monthly reads* for a 
period of at least a year, 
including program launch 
period 
- ✓ ✓     
              
4 
Monthly reads for a 
number of years including 
program launch period. 
Known: intervention dates, 
weather variables 
- ✓ ✓   ✓
  
✓**
          
5 
6-monthly reads* for at 
least a year, including 
program launch period-
small sample 
6-monthly reads* for at least 
a year, including program 
launch period-small sample 
✓ ✓ ✓   
              
6 
6-monthly reads* for a 
period of years, including 
program launch period-
large sample 
6-monthly reads* for a 
period of years, including 
program launch period-large 
sample 
✓ ✓ ✓ ✓ ✓
            
7 
monthly reads for at least a 
year before and after 
intervention-large sample 
monthly reads for at least a 
year before and after 
intervention-large sample 
✓ ✓ ✓ ✓ ✓ ✓**
    
✓
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(1) 
Before-
After 
Tests 
(2) Average 
before-after 
consumption 
comparison-
non 
parametric 
tests 
(3) Average 
consumption 
change 
comparisons-
non 
parametric 
tests 
(4) Average 
before-after 
consumption 
comparison- 
paired 
samples t-test 
(5) Average 
consumption 
change 
comparisons-
independent 
samples t-test 
(6) Time 
series 
regression 
using 
participants' 
data 
(7) Average 
before-after 
consumption 
comparison by 
Acorn class- 
paired 
samples t-test 
(8) Average 
consumption change 
comparisons between 
same Acorn classes-
independent samples 
t-test 
(9) Matched 
pairs means 
comparison 
(MPMC) 
(10) Cross 
sectional 
regression 
(11) 
Multilevel 
modelling 
using 
participants' 
data 
  
                           Robustness 
      Group 
1 2 2 2 2 2 3 3 5 4 5 
8 
6-monthly reads* for a 
period of years, including 
program launch period-
large sample for each 
Acorn class. Known: 
Acorn classes of H/Hs 
6-monthly reads* for a 
period of years, including 
program launch period-large 
sample for each Acorn class. 
Known: Acorn classes of 
H/Hs 
✓ ✓ ✓ ✓ ✓
  
✓ ✓
      
9 
6-monthly reads* for a 
period of years, including 
program launch period-
large sample. Known: 
Acorn classes of H/Hs, 
number of occupants per 
H/H, water saving devices 
installation dates for each 
H/H, weather variables 
- ✓ ✓ ✓ ✓ ✓
  
✓ ✓
    
✓
10 
6-monthly reads* for a 
period of years, including 
program launch period-
large sample. Known: 
Acorn classes of H/Hs, 
number of occupants per 
H/H, water saving devices 
installation dates for each 
H/H, weather variables 
6-monthly reads* for a 
period of years, including 
program launch period-large 
sample. Known: Acorn 
classes of H/Hs 
✓ ✓ ✓ ✓ ✓ ✓** ✓ ✓
  
✓*** ✓
11 
6-monthly reads* for a 
period of years, including 
program launch period-
large sample. Known: 
Acorn classes of H/Hs, 
number of occupants per 
H/H, water saving devices 
installation dates for each 
H/H, weather variables 
6-monthly reads* for a 
period of years, including 
program launch period-large 
sample. Known: Acorn 
classes of H/Hs, number of 
occupants per H/H 
✓ ✓ ✓ ✓ ✓ ✓** ✓ ✓ ✓ ✓ ✓

*: 6monthly, quarterly or preferably monthly 
**: requires reads from a considerable amount of years 
***: more data on household characteristics for the non-participants sample are necessary for it to be robust enough 
    
1 2 3 4 5 
less robust 
   
most robust 
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In Table 6.1, eleven data availability conditions are listed relative to their 
comprehensiveness, with categories 1 and 2 being conditions with poor data availability 
while category 11 represents a case where rich data are available. The colours under each 
technique represent their robustness level, with lighter shade indicating the less robust 
ones and darker shades indicating the most robust methods. A brief description of each 
technique follows: 
(1) Before-After Tests: the before-after test in its simplest form, using only short term 
reads from before and after programme launch for a sample of participants shall 
not be considered a proper method for water savings evaluation, rather as an early 
test for consumption decrease indication which is to be followed by a more 
comprehensive approach. Despite the crude estimates that this method produces, 
it is very often used by UK water companies in the context of their water savings 
evaluations and it is very often encountered in water efficiency evaluation reports 
(Waterwise, 2010). 
(2) Average before-after consumption comparison: a test that utilises participants’ 
consumption data from before and after programme launch. The difference 
between consumption before and after the programme launch represents the water 
savings achieved. It should be stressed that sub-annual differences should be 
separated by a 12-month period so that any seasonality effects can be reduced. 
The significance of the savings can be assessed via a Paired Samples T-test or by 
its non-parametric equivalent (in absence of normally distributed savings). The 
method was used in this research in the context of the first and second case study 
(Section 4.4.3 and 5.4.2 respectively).  
When ACORN class is known, this method can be applied to each class 
separately, (provided that the sample sizes are large enough) and can provide 
useful insight for the savings potential of different customers. In the present 
research, such analysis was not possible due to the small sample of participating 
households. However, as seen in Figure 4.16 for the AW and in Figure 5.12 for 
the ESW case study and as later shown via multilevel modelling, households 
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belonging to higher ACORN classes (smaller and financially stretched homes) 
produced the largest water savings. However, the technique is subject to bias 
because of external factors such as weather variability between the two periods, 
which is not accounted for. As a result, before-after consumption comparison 
methods cannot produce accurate water savings figures, rather they can produce 
reliable indications about whether an efficiency programme has been effective in 
reducing consumption. However, the effect of weather can be reduced if a sample 
of control households are included in the analysis. This enhanced method is 
described next. 
(3) Average consumption change comparison: often referred to as participant-control 
means comparison or difference-in-differences method (Card & Krueger, 1994; 
Nataraj and Hanemann, 2011), this technique utilizes data from both participants 
and a reference group of households. The change in consumption (before-after 
difference) for each of the two groups is calculated and then the change values of 
the two groups are compared using either Independent Samples T-test or its non-
parametric equivalent (in absence of normally distributed consumption 
differences). This technique was one of the methods used in this study (see 
Section 4.4.2 and 5.4.1 for the first and second case study respectively).  
When ACORN class is known for both participating and non-participating 
households this method can be applied to each class separately, provided that the 
sample sizes are large enough. Following this aggregation, analysis can reveal 
valuable insights as to the groups of customers that achieved the largest water 
savings, information that can be of use in future programme implementations. 
However, as in the previous method, this technique cannot produce accurate 
values for the exact water savings that were achieved. If water providers are 
interested in discovering their precise water savings, they should aim at 
employing methods that take more external factors into account.  
(4) Time series regression: this method uses participants’ consumption data in 
conjunction with time-variant factors such as the weather and a variable 
representing the efficiency programme. The technique becomes complicated if 
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programme take up dates are not the same for all participants and in this case the 
implementation period should be omitted from the dataset, removing valuable 
data from the analysis (Fyfe et al., 2010). 
(5) Cross sectional regression: the technique utilizes both participants’ and non-
participants’ data at a certain time point, taking advantage of available 
information on household characteristics such as income and occupancy. It is a 
useful method in the case there are more than one programmes in effect because it 
can distinguish the effect of each programme by incorporating different 
explanatory variables (Fyfe et al., 2010).  
(6) Matched Pairs Means Comparison (MPMC): the technique, developed by the 
Institute for Sustainable Futures (ISF), was described earlier in this thesis (see 
Section 2.3.4). It is a robust method for savings evaluation, provided that the both 
participating and non-participating homes samples are large enough so that pairs 
of properties with matching consumption patterns can be identified and that high 
skills in computer programming are available so that the development of a pair-
matching algorithm is possible. MPMC can produce reliable results on water 
savings values.  
(7) Panel data models: Section 3.6 provides the rationale behind the use of multilevel 
modelling techniques in the case of panel data. Panel data models include both 
longitudinal and cross-sectional variables into one model, taking advantage of all 
available data at the household level. The models can take many forms with many 
different specifications that range from fixed effects models to random-effects 
models and finally mixed (multilevel) models which contain both fixed and 
random effects. However, data handling can prove to be complex and specialist 
software packages are necessary for analysis, especially in the case of mixed 
modelling. Panel data models can produce reliable results on the precise water 
savings that were achieved, if the majority of factors that significantly affect 
consumption are incorporated into the models. However, care must be taken so 
that the models are not over-specified. Multilevel models were utilized for the 
evaluation of water savings in this research (see Chapters 4 & 5).  
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Chapter 7. Conclusion 
 
 
 
7.1 Conclusions about Research Questions 
7.1.1 Identification of the Factors that Influence Domestic Single Family Water 
Demand 
The first research objective of this thesis was to identify the factors that have an effect on 
per capita residential water consumption. Weather was shown to have a significant effect 
on demand However this effect is of low magnitude. This finding is supported by 
previous research (Martinez-Espineira and Nauges, 2004, Gato et al., 2007, Mieno and 
Braden, 2011). There were substantial indications that ACORN classes 1&2 are more 
sensitive to weather changes, maximum Temperature in particular, compared to the other 
ACORN classes. This finding is also supported by Martinez-Espineira (2003), who found 
that climate affects demand only in high income households. Per capita consumption in 
one-person households appeared to be slightly more sensitive to weather changes than 
that of those living together with two or more people, a finding that is supported by 
previous research (Bao, 2013). Detailed discussion is provided in Section 6.2.   
More affluent residents presented larger water consumption than the financially stretched 
ones. This finding is also supported by relevant research which shows that suburban 
affluent homes use more water than the other household types (Russac et al., 1991; 
Kowalski and Marshallsay, 2005; Harlan et al., 2009). 
In contrast to older research that critiques the use of population classification systems 
such as ACORN categorization as for their representativeness (Clarke et al., 1997; 
Maksimovic et al., 2003), the present research points out that ACORN class can be used 
as a proxy variable for income and social status, in agreement with research by Edwards 
& Martin (1995); Kowalski & Marshallsay (2005) and Lawson (2015) who also utilised 
the ACORN classification. 
Household size was shown to be a significant predictor of PCC. In agreement with 
previous research (Al-Noaimi, 2004; Gaudin, 2006; Foster, 2011) this research suggests 
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that due to economies of scale, per capita consumption decreases with an increase in 
household size (i.e. number of residents) (see Section 6.3 for further detailed discussion). 
Finally, PCC in ACORN class 1 properties appeared to be higher regardless of the 
household size and the difference in PCC among ACORN classes is slightly more 
prevalent in one-person homes. This finding can be attributed to the fact that very often 
ACORN class 1 residents are prosperous pensioners who stay at home during the day. 
Literature search revealed no studies that explore this aspect.  
Also, per capita consumption of people living on their own was shown to be slightly 
more sensitive to weather changes than that of those living together with two or more 
people. In simpler words, during periods of sunny weather, a person would consume 
much more water than usual if he/she lived alone than if he/she lived together with more 
people.  
7.1.2 Evaluation of the Water Efficiency Programmes’ Effectiveness and 
Determination of the Relationships among Water Savings and Household Specific 
Characteristics 
The second research objective of this research was to assess the extent to which each 
water efficiency programme was successful in reducing water consumption in the 
participants’ homes. Overall, the two initiatives resulted in considerable water savings - a 
6.95% decrease (p<0.001) and a 14.7% decrease (p<0.001) in consumption for each case 
study respectively that can be explicitly attributed to the water efficiency programmes. 
Sections 6.2 and 6.3 provide detailed discussion on the following findings. 
The water efficiency programme appeared to be less effective in reducing per capita 
consumption during periods of sunny weather. The reason behind this finding remains 
unclear to the researcher and it is suggested that further research should be carried out so 
that the effects of weather on the effectiveness of water efficiency programmes can be 
discerned.  
The more financially stretched households reduced their consumption to a much greater 
extent because of the efficiency programme while the most affluent ones showed the least 
water savings. Recent research by Lawson (2015) supports this finding.  
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It was also demonstrated that in households with more than 2 occupants, the water 
efficiency programme was less effective, as the PCC decrease following installation of 
the devices was considerably smaller than in one person properties. This results agrees 
with previous research findings (e.g. Gilg and Barr, 2006). 
The more water conserving devices were installed in a household the more effective the 
water efficiency programme was in decreasing consumption. Notably, this effect 
appeared to be stronger for one person households. A possible explanation for this 
finding is that single resident households are usually smaller and with a smaller amount 
of water fittings and water using appliances. Thus, any efforts to decrease consumption 
using water saving devices and fittings would be more effective in these smaller homes, 
rather than in larger properties that have a much larger number of water using appliances. 
This finding has not been suggested anywhere else in the literature.  
7.1.3 Suggestion of Alternative Steps for Water Savings Evaluation when a 
Company Experiences Data Limitations 
As literature review suggested, a robust framework for evaluation of water savings that 
result from water efficiency programmes and that can be used by companies that 
experience data limitations is non-existent. The IRP framework, which was thoroughly 
discussed in Chapter 2 of this thesis, is currently the only framework that provides 
guidelines for the evaluation of a water efficiency initiative (Fyfe et al., 2010). However, 
the most accurate and powerful methods that are proposed by IRP cannot be fully 
adopted by companies with data limitations. This problem is due to the fact that the 
evaluation process outlined throughout the framework mainly uses data intensive 
methods such as participant-control group comparisons and micro-component analysis. 
These methods require data for a representative control group of households and detailed 
end-use data for the participating properties respectively, which are rarely available in the 
UK and European context.  
The third objective of the thesis was fulfilled in two ways. Firstly, the researcher created 
a new detailed framework which is based on the existing guidelines by Fyfe et al. (2010) 
(see Section 2.3.4) but it is evolved so that it matches each and every data availability 
situation to the appropriate evaluation method while it further includes multilevel 
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modelling as an additional and powerful method. Secondly, taking into account 
recommendations by Fyfe et al. (2010) about sample segregation based on household 
specific demographic characteristics and taking advantage of ACORN classification- a 
unique UK socio-economic segmentation of households- the framework was enhanced so 
that different groups of households can be analysed separately and more efficiently. This 
enhanced framework was presented and discussed in Section 6.6.  
 
7.2 Key Research Findings, Contributions to the Field and Implications 
In Section 1.4 of this Thesis, it was stated that the overall objective of the study is to 
contribute to the research field of sustainable water resources management and to 
thoroughly explore the difficulties encountered in the evaluation of water efficiency 
programmes, while suggesting possible ways to alleviate them. Details of how this 
overall objective was accomplished are presented in the following sections. 
7.2.1 Key Research Findings and Contributions to the Field 
The purpose of this study was to better understand the factors that affect residential per 
capita water consumption as well as to develop insight into attributes that determine how 
different household types save water when a water efficiency programme takes place. 
This study also provides guidelines for water savings evaluation by enhancing an already 
existing evaluation framework and by suggesting alternative pathways in the case of data 
limitations. As a result, the key findings and contributions of the present research that are 
presented in this section feed into both water demand management research and into 
water industry’s strategic management plans.  
As described in Chapter 1, detailed information on local residential consumption is 
essential for the appropriate implementation of efficiency programmes and for achieving 
larger water savings, however, water providers rarely obtain and analyse this kind of 
information prior to launching such programmes. Moreover, especially in the UK, the 
evaluation of savings achieved through residential efficiency initiatives has received 
limited attention in literature worldwide and even when programme evaluation has taken 
place, analysts have relied on simple linear regression methods, not accounting for 
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external factors that have a big influence on the results. Additionally, literature review 
demonstrated that a robust evaluation framework does not exist-apart from Integrated 
Resource Planning which again does not provide thorough guidelines for all data 
availability circumstances and focuses on evaluation methods that utilize a control 
sample of households.  
An in-depth double case study of two UK regions was adopted and different statistical 
analysis techniques were employed to address the above limitations, with an emphasis on 
multilevel statistical analysis as an evaluation tool.  
CONTRIBUTIONS TO THE FIELD 
• Quantification of water savings 
Detailed figures of water use reduction as a result of water efficiency trials explicitly are 
rare in the literature since most studies do not account for other factors that may affect 
consumption trends in time such as the weather, but also between households, such as 
social status and household size. Overall, analysis showed that the water initiatives that 
were launched by the two companies were successful in reducing water demand. After 
the programme launch there was a mean 6.95% decrease and a 14.7% decrease in 
consumption for each case study respectively (significant at the p<0.001) that can be 
explicitly attributed to the water efficiency programmes. The longevity of savings could 
not be assessed, as the consumption data that were available were not enough for such an 
analysis. Thus, only short term savings were calculated. In addition, the methodology, the 
data processing and analysis techniques used in this research study can be widely applied 
so that even more representative water demand functions can be developed and to enable 
demand forecasting.  
• Detailed guidance to water companies and researchers that want to perform 
an evaluation of water savings 
As explained in Section 6.6 and shown on Table 6.1, the researcher developed a detailed 
enhanced framework for water savings’ evaluation that takes into account all possible 
data availability circumstances and the possible methods that can be employed, 
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depending on the available data and the level of robustness of results that is required. 
This enhanced framework was based on already existing evaluation guidelines created by 
Fyfe et al. (2010), which are discussed in Section 2.3.4. Moreover, suggestions by Fyfe et 
al (2010) for further water efficiency research using sample segregation based on 
household specific demographic characteristics were taken into account and taking 
advantage of ACORN classification- a unique UK socio-economic segmentation of 
households- the framework was enhanced so that different groups of households can be 
analysed separately and more efficiently. This evolved framework which satisfies the 
third research objective of this research can provide invaluable guidance to water 
companies that aim to conduct water savings evaluation after a residential efficiency 
programme.  
• Acorn classification was shown to represent social status and income 
adequately 
In contrast to older research that critiques the use of population classification systems 
such as ACORN categorization as for their representativeness (Clarke et al., 1997; 
Maksimovic et al., 2003), the present research provides strong indications that ACORN 
class can be used as a proxy variable for income and social status, in agreement with 
research by Edwards & Martin (1995); Kowalski & Marshallsay (2005) and Lawson 
(2015) who also utilised the ACORN classification. The researcher suggests that ACORN 
can be used in future research as a proxy for social status and income, when these data 
are not readily available. 
• Social status and income-major factors of influence for conservation 
potential 
A key finding of this research is that the more financially stretched households reduce 
their consumption to a greater extent because of the efficiency programme while the most 
affluent ones show the least water savings. As discussed in Chapter 6, financial and social 
status appeared to have a significant influence on per capita consumption as well, as it 
was shown that affluent homes use more water than the other household types. For 
further discussion on this matter, see Section 6.3.1.  
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• Household size-a major factor of influence for conservation potential 
Another key finding of this research is that water efficiency programmes are more 
effective in reducing consumption in smaller households (of one or two residents). The 
multilevel models in the second case study showed that after the programme launch there 
was a 20.2% decrease in consumption for one person households and a 10.8% decrease 
for households of three or more residents (significant at p<0.001). For further discussion 
on this matter, see Section 6.3.2.  
• Conservation initiatives more effective during rainy weather 
Interestingly, water efficiency programmes appeared to be less effective in reducing per 
capita consumption during periods of sunny weather, as shown in Section 4.6.1 and 
discussed in Section 6.2. However, the reason behind this finding remains unclear to the 
researcher and it is highly recommended that future research addresses the impact of 
weather on the effectiveness of water efficiency programmes. 
• The use of multilevel modelling and sample segregation for the investigation 
of the relationship between social status and water savings 
Notably, sample segregation based on demographic characteristics such as social status 
and income was incorporated in the multilevel analysis (see Section 5.6.2 and 6.3.1), 
revealing significant relationships among water saved through water efficiency 
programmes and ACORN class, which was used as a proxy variable for income and 
social status. As already mentioned in Chapter 2, CIWEM (2016) state that analysis of 
domestic water demand should consider between household variation more. The present 
work addresses this limitation by forming separate multilevel models for ACORN classes 
and household sizes. As such, it offers insight as to how per capita consumption of 
different groups of households are affected by the weather, social status and water 
efficiency programs. As far as the author is aware, no other studies have investigated and 
determined the impact of social status and household income on water savings using 
multilevel modelling in the UK and European context.  
 
 199 
 
• Detailed comparison of estimated savings between multilevel modelling and 
T-tests 
The key to predictability of water savings, as Olmstead & Stavins (2009) highlight, is the 
existence of high quality, current statistical estimates of the impacts of similar measures. 
The present research adds to the existing literature by assessing the effectiveness of two 
residential water saving programmes in South-East England using various methods and 
drawing the attention to the differences in their implementation and results. The 
importance of utilizing robust analysis methods for savings evaluations was highlighted, 
particularly by exploring the capabilities of multilevel modelling and by comparing its 
results with those that were produced through the combination of T-tests and 
bootstrapping procedures. As far as the author is aware, this is the first in-depth water 
savings results comparison between multilevel modelling and simple T-tests, aided by 
bootstrapping procedures (see Sections 4.6.2 and 5.6.4). The outcomes from this 
comparison highlight the accuracy of multilevel modelling techniques in determining 
water savings attributable to water efficiency programmes, even in cases when a control 
sample of households is not available. 
 
7.2.2 Policy Implications and Recommendations for the Water Industry 
This study provides practical applications for the planning and management sectors of the 
water utilities, particularly in the UK. The considerable amount of data that was received, 
processed and analysed in the course of this research can be utilized to enhance water 
demand planning, modelling and forecasting and to assist in planning future water 
demand management initiatives as well as in their evaluation. Notable implications to the 
water industry are as follows: 
• Water consumption data obtained from Anglian Water Services and from Essex & 
Suffolk Water and processed by the researcher can be utilised to update modelling 
assumptions used in companies’ documentation, as well as to perform further 
water demand modelling. Importantly, in conjunction with demographic data, also 
acquired from the aforementioned water companies, this data can be very valuable 
for understanding local residential water demand and the factors that have an 
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influence on it. Hence, if even more months of consumption records are added to 
them, this data can contribute into the improvement of domestic demand 
forecasting.  
• Water use savings that were explicitly attributed to each water efficiency 
programme provide robust evidence that devices and appliances retrofits and 
other home-focused demand reduction measures are effective in controlling 
domestic water demand. This evidence can be used to strengthen the application 
of such initiatives and to encourage further and more extensive promotion and use 
of water saving devices at home, so that future water efficiency programmes yield 
anticipated and efficient results.  
• Results suggest that the water efficiency programmes have been more effective in 
reducing consumption in households of certain types. For example, it was shown 
that ACORN classes 4&5 presented an impressive 19.7% consumption decrease 
on average, as a result of the efficiency trial which was initiated by Essex & 
Suffolk Water. This finding suggests that smaller and financially stretched homes 
achieve larger per capita water savings than larger and more affluent households, 
hence management professionals may want to consider intensifying their demand 
management efforts in ACORN classes 4&5, as they would probably achieve 
much greater water savings. Furthermore, analyses results inform that per capita 
water savings were much more prevalent in one person households than in 
homes of two or more residents, in both case studies. Once more, this finding can 
be of much use for water companies that are planning the launch of similar 
efficiency trials. Finally, it is highly recommended that future educational 
programmes and awareness campaigns should be targeted to ACORN classes 4&5 
and one person households as well. 
• This study drew attention to the data limitations problem that many water 
companies face, when it comes to several kinds of data such as water 
consumption readings and demographic information on local households. 
Absence of detailed and reliable data makes the evaluation of conservation 
programmes challenging and in extreme cases, impossible. In turn, without proper 
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evaluation of each programme’s effectiveness there can be no robust conclusions 
as to whether it has been successful and cost-effective. Moreover, without strong 
evidence of effectiveness, future programmes may also be vaguely implemented 
and roughly evaluated. Thus, this research supports the acquisition of rich and up-
to date (demographic or other) information for participating households and 
where possible, for a representative sample of households that did not take part in 
the respective programme. Further to this, water companies are advised to invest 
in high frequency water use metering (producing at least monthly records), as 
water demand studies would benefit tremendously from high quality daily 
consumption records or data on separate end-uses (micro components).  
• Since absence of necessary data is a reality for most UK water companies and 
taking into account the non-existence of a robust and tested framework for water 
savings evaluations, this study presented several different evaluation methods and 
approaches (Section 6.5), each one matched to different data availability 
circumstances. This framework, which was partially adopted from Integrated 
Resource Planning framework, was evolved so that it can address all kinds of data 
availability situations and to take advantage of unique UK attributes such as 
ACORN classification, and it can prove to be useful for water companies that 
endeavour to embark on water efficiency evaluation.  
• An important finding of this study is the potential that multilevel models 
demonstrated in determining water savings while at the same time controlling for 
other influential variables such as the weather. It should be acknowledged though 
that multilevel statistical analysis is much more complex in its implementation 
and in the interpretation of the produced coefficients than simple ordinary squares 
analysis. For this reason, in water companies that are considering this method as 
way to evaluate their water savings after a water conservation initiative, there 
should be experienced and skilled analysts who can carry out the analysis in an 
accurate manner. 
• Analysis points out that efficient water fixtures and devices can significantly 
reduce consumption. However, one cannot ignore the fact that the plumber’s visit 
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to each participating household may had an influence in the residents’ water use 
from a behavioural perspective as well. The possibility exists that each company’s 
customers felt more motivated to reduce their water use themselves during the 
water conservation programmes, a fact that may contributed to the overall 
observed consumption decrease.  
 
7.3 Recommendations for Future Work 
Research worldwide has demonstrated that non-price water conservation measures such 
as voluntary home retrofit programmes and water conserving devices adoption result in 
substantial water demand reduction (Ostrega, 1994; Botica et al. 1996; Michelsen et al., 
1999; Kenney et al., 2008; Waterwise, 2010; Lee et al., 2011; Turner et al., 2012). 
However, in most instances, information about the evaluation of water savings achieved 
(especially on the long term) is not available. This can be because the utilities either do 
not perform evaluations after their efficiency programmes or because they do not release 
this kind of information publicly. Nevertheless, the absence of evidence on the 
effectiveness of water efficiency programmes does not encourage future wider 
implementation of such initiatives. Consequently, the creation of a common information 
platform where both researchers and water providers will be able to contribute their 
findings and evaluation methodology in the area of residential water efficiency would be 
a good basis for improvement. In addition, there is scope for further research and 
comparison of the household specific factors that determine the water savings achieved in 
different countries and different cultures.  
Apart from publicizing their achieved water savings, water companies may want to 
consider collecting consumption records at least monthly, from large samples of 
households that took part in their efficiency programmes, which will be accompanied by 
detailed demographic information on the specific properties. This would provide much 
assistance to future research as more accurate and generalizable estimates for household 
consumption characteristics could be produced and more robust savings evaluations 
could be undertaken. Sometimes collection of detailed household related data might be 
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expensive and time-consuming as it requires distribution of surveys and home visits by 
appointed plumbers. However, this process might prove to be worthwhile and cost 
effective on the long term as it could result in a more appropriate programme 
implementation by targeting the right populations and as previously mentioned, it will 
provide better understanding of the effect of current and future efficiency initiatives. 
Moreover, the broader use of smart metering and specialist analysis products such as 
‘Identiflow’ which would enable micro-component (end use) analysis is highly 
recommended (see Section 2.4) if a company considers them to be a cost effective 
solution.  
Further to demographic data such as income and household size, there are more 
household consumption related aspects that are shown to have an effect on everyday 
water use, such as the water using habits of the utility’s customers and their attitudes 
towards conservation (Butler, 1993; Herrington, 1996; Harlan et al., 2009; Millock and 
Nauges, 2010; Willis et al., 2011; Dolnicar et al. 2012; Makropoulos et al., 2013; 
Pullinger et al., 2013). Future research in which demographic factors are examined in 
conjunction with behavioural aspects is necessary so that a more integrated approach to 
water demand estimation can be developed. Another interesting future research objective 
would be the exploration of the relationship between water savings achieved through 
water efficiency initiatives and the customers’ environmental attitudes.  
This research also identified certain areas for improvement regarding data collection. It is 
suggested that future work in this field should aim at including larger samples of both 
participants and control households, the occupants’ age and employment status and 
finally and most importantly detailed information on garden ownership as well as its size 
and use. Detailed data on garden use are essential to distinguish between indoor and 
outdoor water consumption. In water savings evaluation research this division is of high 
importance because otherwise seasonal outdoor consumption interferes with the 
estimation of water savings that are achieved indoors, adding uncertainty to the savings 
estimates.  
Analysis indicated that water efficiency programmes appeared to be less effective in 
reducing per capita consumption during periods of sunny weather and warmer climate, 
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however the reason behind this finding remains unclear. Further detailed research is 
needed to determine the effect of weather to the effectiveness of household efficiency 
programmes.  
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Figure A1 Distribution of consumption decrease for the participants’ sample 
Figure A2 Distribution of consumption decrease for the non-participants’ sample 
Appendix 
 
Normality tests 
• Consumption decrease comparison between participants and non-
participants  
  Households in Bedford, Wellingborough, Milton Keynes and Northampton. 
 
 
 
 
 
 
 
 
 
 
 
  
Tests of Normalitya 
 
Kolmogorov-Smirnovb Shapiro-Wilk 
Statistic df Sig. Statistic df Sig. 
Consumption decrease .116 17 .200* .954 17 .516 
*. This is a lower bound of the true significance. 
a. participants or not = participants 
b. Lilliefors Significance Correction 
Tests of Normalitya 
 
Kolmogorov-Smirnovb Shapiro-Wilk 
Statistic df Sig. Statistic df Sig. 
Consumption decrease .081 36 .200* .980 36 .738 
*. This is a lower bound of the true significance. 
a. participants or not = non-participants 
b. Lilliefors Significance Correction 
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Figure A3 Distribution of consumption decrease for the participants’ sample 
Figure A4 Distribution of consumption decrease for the non-participants’ sample 
 
  Households in Colchester-Ipswich area 
 
 
 
 
 
 
 
 
 
 
 
  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Tests of Normalitya 
 
Kolmogorov-Smirnovb Shapiro-Wilk 
Statistic df Sig. Statistic df Sig. 
Consumption decrease .181 17 .143 .883 17 .035 
a. participants or not = participants 
b. Lilliefors Significance Correction 
Tests of Normalitya 
 
Kolmogorov-Smirnovb Shapiro-Wilk 
Statistic df Sig. Statistic df Sig. 
Consumption decrease .099 37 .200* .976 37 .591 
*. This is a lower bound of the true significance. 
a. participants or not = non-participants 
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Figure A5 Distribution of consumption decrease for participants’ sample 
Figure A6 Distribution of consumption decrease for non-participants’ sample 
  Households in Grimsby area 
 
 
 
 
 
 
 
 
 
 
 
 
 
  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Tests of Normalitya 
 
Kolmogorov-Smirnovb Shapiro-Wilk 
Statistic df Sig. Statistic df Sig. 
Consumption decrease 
.199 8 .200* .936 8 .575 
*. This is a lower bound of the true significance. 
a. participants or not = participants 
b. Lilliefors Significance Correction 
Tests of Normalitya 
 
Kolmogorov-Smirnovb Shapiro-Wilk 
Statistic df Sig. Statistic df Sig. 
Consumption decrease .205 19 .035 .878 19 .020 
a. participants or not = non-participants 
b. Lilliefors Significance Correction 
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Figure A7 Distribution of consumption decrease for participants with normality tests 
Figure A8 Distribution of consumption decrease for non-participants with normality tests 
  Households in all areas (aggregated) 
 
 
 
 
 
 
 
 
 
 
  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Tests of Normality 
 
Kolmogorov-Smirnova Shapiro-Wilk 
Statistic df Sig. Statistic df Sig. 
Consumption decrease .127 42 .087 .943 42 .035 
a. Lilliefors Significance Correction 
Tests of Normality 
 
Kolmogorov-Smirnova Shapiro-Wilk 
Statistic df Sig. Statistic df Sig. 
Consumption decrease .063 92 .200* .989 92 .649 
*. This is a lower bound of the true significance. 
a. Lilliefors Significance Correction 
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Figure A9 Distribution of consumption difference for participants with normality tests 
Figure A10 Distribution of consumption difference for non-participants with normality tests 
• Consumption comparison for participants and non-participants before and 
after the installation of water saving devices 
  Households in Bedford, Wellingborough, Milton Keynes and Northampton in L/HH/D. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
  
 
 
 
 
 
 
  Households in Colchester-Ipswich area in L/HH/D 
 
 
 
Tests of Normality 
 
Kolmogorov-Smirnova Shapiro-Wilk 
Statistic df Sig. Statistic df Sig. 
Consumption difference .138 17 .200* .937 17 .287 
*. This is a lower bound of the true significance. 
a. Lilliefors Significance Correction 
Tests of Normality 
 
Kolmogorov-Smirnova Shapiro-Wilk 
Statistic df Sig. Statistic df Sig. 
Consumption difference .130 36 .127 .912 36 .008 
a. Lilliefors Significance Correction 
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Figure A11 Distribution of consumption difference for the participants’ sample and normality tests 
Figure A12 Distribution of consumption difference for the non-participants’ sample and normality tests 
 
 
 
 
 
 
 
 
 
 
 
  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Tests of Normality 
 
Kolmogorov-Smirnova Shapiro-Wilk 
Statistic df Sig. Statistic df Sig. 
Consumption difference .128 17 .200* .962 17 .669 
*. This is a lower bound of the true significance. 
a. Lilliefors Significance Correction 
Tests of Normality 
 
Kolmogorov-Smirnova Shapiro-Wilk 
Statistic df Sig. Statistic df Sig. 
Consumption difference .067 37 .200* .982 37 .787 
*. This is a lower bound of the true significance. 
a. Lilliefors Significance Correction 
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Figure A13 Distribution of consumption difference for the participants’ group and normality tests 
Figure A14 Distribution of consumption difference for the non-participants group and normality test 
  Households in Grimsby area 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Tests of Normality 
 
Kolmogorov-Smirnova Shapiro-Wilk 
Statistic df Sig. Statistic df Sig. 
Consumption difference .340 8 .007 .726 8 .004 
a. Lilliefors Significance Correction 
 
 
Kolmogorov-Smirnova Shapiro-Wilk 
Statistic df Sig. Statistic df Sig. 
Consumption difference .158 19 .200* .852 19 .007 
*. This is a lower bound of the true significance. 
a. Lilliefors Significance Correction 
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Figure A16 Distribution of the consumption difference for the participants sample with normality tests 
(PCC) 
  Households in all areas 
 
  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Tests of Normality 
 
Kolmogorov-
Smirnova Shapiro-Wilk 
Statistic df Sig. Statistic df Sig. 
Participants’ 
consumption difference 
.133 63 .007 .943 63 .006 
a. Lilliefors Significance Correction 
 
 
 
 
 
 
 
 
 
 
 
Tests of Normality 
 
Kolmogorov-
Smirnova Shapiro-Wilk 
Statistic df Sig. Statistic df Sig. 
Participants’PCC 
difference 
.171 63 .000 .743 63 .000 
a. Lilliefors Significance Correction 
Figure A15 Distribution of the consumption difference for the participants sample with normality 
tests 
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Figure A17 Distribution of the consumption difference for the non-participants’ sample with 
normality tests 
 
 
 
 
 
 
 
 
 
 
 
 
Statistical tables 
 
Anglian Water Case Study 
• Consumption decrease comparison between participants and non-participants 
Results for households in Bedford, Wellingborough, Milton Keynes and Northampton. 
Table A1 Outputs from Independent samples T-test 
Group Statistics 
 
participants or not Statistic 
Bootstrapa 
Bias Std. Error 
BCa 95% Confidence Interval 
Lower Upper 
Consumption decrease participants N 17     
Mean .172423 .000943 .036427 .100934 .246042 
Std. Deviation .1477329 -.0052680 .0220589 .1097048 .1722791 
Std. Error Mean .0358305     
non-participants N 36     
Mean -.030376 .000381 .019345 -.067635 .010000 
Std. Deviation .1155633 -.0023937 .0153279 .0870369 .1381468 
Std. Error Mean .0192606     
a. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples 
 
 
Kolmogorov-
Smirnova Shapiro-Wilk 
Statistic df Sig. Statistic df Sig. 
Consumption 
difference 
.096 92 .036 .921 92 .000 
a. Lilliefors Significance Correction 
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Results for households in Colchester-Ipswich area 
Table A2 Non-parametric tests outputs 
 
 
 
 
 
 
Independent Samples Test 
 
Levene's Test for 
Equality of 
Variances t-test for Equality of Means 
F Sig. t df 
Sig. (2-
tailed) 
Mean 
Difference 
Std. Error 
Difference 
95% Confidence Interval of 
the Difference 
Lower Upper 
Consumption 
decrease 
Equal variances 
assumed 
1.809 .185 5.446 51 .000 .2027990 .0372381 .1280404 .2775575 
Equal variances 
not assumed 
  4.985 25.605 .000 .2027990 .0406791 .1191190 .2864789 
Bootstrap for Independent Samples Test 
 Mean Difference 
Bootstrapa 
Bias Std. Error Sig. (2-tailed) 
BCa 95% Confidence Interval 
Lower Upper 
Consumption decrease Equal variances assumed .2027990 .0005624 .0413299 .001 .1201429 .2836984 
a. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples 
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Results for households in Grimsby area 
Table A3 Non parametric tests outputs 
 
Results for all areas 
 
Table A4 Non-parametric tests outputs 
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• Consumption comparison for participants and non-participants before and 
after the installation of water saving devices 
 
Results for households in Bedford, Wellingborough, Milton Keynes and Northampton. 
 
Table A5 Non-parametric test output for participants 
 
  
 
 
 
 
 
 
 
 
 
 
Table A6 Non-parametric test output for non-participants 
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Results for households in Colchester-Ipswich area  
 
Table A7 Paired samples T-test outputs for the participants 
Paired Samples Statistics 
 Statistic 
Bootstrapa 
Bias Std. Error 
BCa 95% Confidence Interval 
Lower Upper 
 consumption before devices for participants Mean 268.262884 -.082349 32.160644 207.232806 331.688926 
N 17     
Std. Deviation 134.3176977 -7.1822598 25.6351629 91.3125809 164.4941434 
Std. Error Mean 32.5768268     
consumption after devices for participants Mean 260.481455 -.144928 32.214704 200.082290 322.999891 
N 17     
Std. Deviation 134.3216894 -6.5209322 22.4824653 97.8789464 159.3009171 
Std. Error Mean 32.5777949     
a. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples 
 
 
Bootstrap for Paired Samples Test 
 Mean 
Bootstrapa 
Bias Std. Error Sig. (2-tailed) 
BCa 95% Confidence Interval 
Lower Upper 
 consumption before devices - consumption after devices for participants 
7.7814291 .0625793 3.8011939 .069 .3885738 15.0957788 
a. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples 
Paired Samples Correlations 
 N Correlation Sig. 
Bootstrap for Correlationa 
Bias Std. Error 
BCa 95% Confidence Interval 
Lower Upper 
 consumption before devices & consumption after devices for participants 17 .992 .000 .000 .003 .982 .998 
a. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples 
Paired Samples Test 
 
Paired Differences 
t df 
Sig. (2-
tailed) Mean 
Std. 
Deviation 
Std. Error 
Mean 
95% Confidence Interval of the 
Difference 
Lower Upper 
 consumption before devices - consumption 
after devices for participants 
7.7814291 16.6978677 4.0498278 -.8038222 16.3666805 1.921 16 .073 
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Table A8 Paired samples T-test outputs for the non-participants 
Paired Samples Statistics 
 Statistic 
Bootstrapa 
Bias Std. Error 
BCa 95% Confidence Interval 
Lower Upper 
 consumption before devices for 
non-participants 
Mean 243.083807 -.057736 19.995657 205.623010 280.740335 
N 37 
    
Std. 
Deviation 
122.3600348 -2.6010215 10.7548732 104.3607238 135.0864452 
Std. Error 
Mean 
20.1158658 
    
consumption after devices for 
non-participants 
ean 250.390774 -.210543 20.510369 213.575821 288.385044 
N 37 
    
Std. 
Deviation 
126.2189697 -2.6386480 11.3627680 107.0835405 139.9747105 
Std. Error 
Mean 
20.7502708 
    
a. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples 
Paired Samples Correlations 
 N Correlation Sig. 
Bootstrap for Correlationa 
Bias Std. Error 
BCa 95% Confidence Interval 
Lower Upper 
 consumption before devices & consumption 
after devices for non-participants 
37 .990 .000 .000 .003 .983 .994 
a. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples 
 
Bootstrap for Paired Samples Test 
Paired Samples Test 
 
Paired Differences 
t df 
Sig. (2-
tailed) Mean 
Std. 
Deviation 
Std. Error 
Mean 
95% Confidence Interval of the 
Difference Lower Upper 
 consumption before devices - consumption 
after devices for non-participants 
-
7.3069672 
18.1121350 2.9776167 -13.3458536 -1.2680807 
-
2.454 
36 .019 
 
 Mean 
Bootstrapa 
Bias Std. Error Sig. (2-tailed) 
BCa 95% Confidence Interval 
Lower Upper 
 consumption before devices - 
consumption after devices for non-
participants 
-7.3069672 .1528078 2.9201833 .031 
-
13.5206633 
-1.1342314 
a. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples 
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Table A10 Output for the non-parametric test for the non-participants sample 
Results for Grimsby area 
Table A9 Output for the non - parametric test for the participants sample 
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Results for all areas 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Table A11 Output for the non-parametric test for the participants sample (l/hh/d) 
Table A12 Output for the non-parametric test for the participants’ sample (l/capita/d) 
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Table A13 Output from the paired samples T-test for the non-participants sample 
 
 
 
Paired Samples Statistics 
 Statistic 
Bootstrapa 
Bias Std. Error 
BCa 95% Confidence Interval 
Lower Upper 
 Consumption before-non-part. Mean 239.3323 -.0116 11.4956 219.1546 261.9813 
N 92 
    
Std. Deviation 112.72379 -.29808 7.25431 99.53880 126.32405 
Std. Error Mean 11.75227 
    
Consumption after-.non-part. Mean 247.2170 -.0091 12.2090 224.8553 272.4692 
N 92 
    
Std. Deviation 120.63540 -.32521 8.34064 105.11160 136.15713 
Std. Error Mean 12.57711 
    
a. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples 
Paired Samples Correlations 
 N Correlation Sig. 
Bootstrap for Correlationa 
Bias Std. Error 
BCa 95% Confidence Interval 
Lower Upper 
 Consumption before& consumption after-non-part. 92 .977 .000 .000 .007 .959 .988 
a. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples 
Paired Samples Test 
 
Paired Differences 
t df 
Sig. (2-
tailed) Mean 
Std. 
Deviation 
Std. Error 
Mean 
95% Confidence Interval of 
the Difference 
Lower Upper 
 Consumption before – 
consumption after-non-part. 
-
7.88468 
26.29800 2.74176 -13.33084 -2.43852 -2.876 91 .005 
Bootstrap for Paired Samples Test 
 Mean 
Bootstrapa 
Bias Std. Error Sig. (2-tailed) 
BCa 95% Confidence 
Interval Lower Upper 
 Consumption before- consumption after-
non-part 
-7.88468 -.00246 2.62538 .005 -
12.92281 
-2.50823 
a. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples 
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Second Case Study-Essex & Suffolk Water  
• Consumption decrease comparison between participants and non-participants 
 
Table A14 Output for independent samples T-test 
Group Statistics 
 
Group Statistic 
Bootstrapa 
Bias Std. Error 
BCa 95% Confidence Interval 
Lower Upper 
Consumption decrease 
Participants 
N 451 
    
Mean .116499 -.000251 .010431 .096006 .136460 
Std. Deviation .2157945 -.0006360 .0114342 .1944204 .2375253 
Std. Error Mean .0101614 
    
non-participants 
N 4149 
    
Mean -.001687 .000097 .005000 -.012793 .009068 
Std. Deviation .3233930 -.0002427 .0061707 .3121194 .3351174 
Std. Error Mean .0050206 
    
a. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples 
 
Independent Samples Test 
 
Levene's Test for 
Equality of Variances t-test for Equality of Means 
F Sig. t df 
Sig. (2-
tailed) 
Mean 
Difference 
Std. Error 
Difference 
95% Confidence Interval 
of the Difference 
Lower Upper 
Consumption 
decrease 
Equal variances assumed 
30.114 .000 7.579 4598 .000 .1181857 .0155929 .0876160 .1487554 
Equal variances not assumed   10.428 692.058 .000 .1181857 .0113340 .0959325 .1404389 
 
Bootstrap for Independent Samples Test 
 Mean Difference 
Bootstrapa 
Bias Std. Error Sig. (2-tailed) 
BCa 95% Confidence Interval 
Lower Upper 
cons_decrease Equal variances assumed .1181857 -.0003481 .0118516 .001 .0946663 .1415399 
Equal variances not assumed .1181857 -.0003481 .0118516 .001 .0946663 .1415399 
a. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples 
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• Consumption comparison for participants and non-participants before and after the 
installation of water saving devices 
 
Table A15 Paired samples T-test outputs for the participants group 
Paired Samples Statistics 
 Statistic 
Bootstrapa 
Bias Std. Error 
BCa 95% Confidence Interval 
Lower Upper 
 consumption of participants before the devices 
installation 
Mean 300.5711 .3492 7.9230 284.3118 317.8543 
N 451 
    
Std. Deviation 161.14699 .05915 6.97661 147.72670 174.69484 
Std. Error Mean 7.58812     
consumption of participants after the devices 
installation 
Mean 260.0662 .2268 6.9569 246.0557 274.4139 
N 451 
    
Std. Deviation 141.81019 .01574 5.90358 130.84839 152.93910 
Std. Error Mean 6.67758 
    
a. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples 
 
Paired Samples Correlations 
 N Correlation Sig. 
Bootstrap for Correlationa 
Bias Std. Error 
BCa 95% Confidence Interval 
Lower Upper 
 consumption of participants before the devices 
installation & after the devices installation 
451 .897 .000 .001 .013 .868 .924 
a. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples 
 
Paired Samples Test 
 
Paired Differences 
t df 
Sig. (2-
tailed) Mean Std. Deviation 
Std. Error 
Mean 
95% Confidence Interval 
of the Difference 
Lower Upper 
 consumption of participants before the devices 
installation - after the devices installation 
40.50497 71.30792 3.35776 33.90614 47.10381 12.063 450 .000 
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Bootstrap for Paired Samples Test 
 Mean 
Bootstrapa 
Bias 
Std. 
Error 
Sig. (2-
tailed) 
BCa 95% Confidence 
Interval 
Lower Upper 
 consumption of participants before the devices installation - after 
the devices installation 
40.50497 .12247 3.33247 .001 33.99497 47.21973 
a. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples 
 
Table A16 Paired samples T-test outputs for the non-participants group 
Paired Samples Statistics 
 Statistic 
Bootstrapa 
Bias Std. Error 
BCa 95% Confidence Interval 
Lower Upper 
 consumption of non-participants 
before the devices installation 
Mean 329.9602 .0684 2.8377 324.2240 335.8885 
N 4149 
    
Std. Deviation 180.54442 -.13799 2.56544 175.34656 185.40519 
Std. Error Mean 2.80293 
    
consumption of non-participants after 
the devices installation 
Mean 313.5056 .1630 2.6342 308.3340 319.3797 
N 4149 
    
Std. Deviation 167.97370 .06879 2.29268 163.76347 172.80073 
Std. Error Mean 2.60777 
    
a. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples 
 
Paired Samples Correlations 
 N Correlation Sig. 
Bootstrap for Correlationa 
Bias 
Std. 
Error 
BCa 95% Confidence 
Interval 
Lower Upper 
 consumption of non-participants before the devices installation & after the 
devices installation 
4149 .820 .000 .000 .008 .804 .836 
a. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples 
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Bootstrap for Paired Samples Test 
 Mean 
Bootstrapa 
Bias Std. Error Sig. (2-tailed) 
BCa 95% Confidence Interval 
Lower Upper 
 consumption of non-participants before the devices 
installation - after the devices installation 
16.45466 -.09454 1.68649 .001 13.28663 19.44678 
a. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples 
 
 
 
 
 
 
 
 
 
 
Paired Samples Test 
 
Paired Differences 
t df 
Sig. (2-
tailed) Mean 
Std. 
Deviation 
Std. Error 
Mean 
95% Confidence Interval of the 
Difference 
Lower Upper 
 consumption of non-participants before the devices 
installation - after the devices installation 
16.45466 105.24201 1.63387 13.25140 19.65792 10.071 4148 .000 
ACORN 
CLASSES
1 AFFLUENT 
ACHIEVERS
2 RISING 
PROSPERITY
3 COMFORTABLE 
COMMUNITIES
4 FINANCIALLY 
STRETCHED
5 URBAN 
ADVERSITY
6 NOT PRIVATE 
HOUSEHOLDS
Lavish Lifestyles
City 
Sophisticates
Countryside 
Communities Student Life Young Hardship
Executive Wealth
Career 
Climbers Successful Suburbs Modest Means
Struggling 
Estates
Mature Money
Steady 
Neighbourhoods Striving Families
Difficult 
Circumstances
Comfortable Seniors Poorer Pensioners
Starting Out
SUB-
CATEGORIES
Table A17 ACORN classification (CACI Limited, 2014) 
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Table A18 Definitions of statistical methods and terms found in the Thesis 
Method Definition Source Justification of use in 
the present research 
Bootstrapping 
(for 
Confidence 
Intervals) 
Bootstrap methods are resampling techniques for assessing 
uncertainty, useful when inference is to be based on a complex 
procedure for which theoretical results are unavailable or not useful 
for the sample sizes met in practice, where a standard model is 
suspect but it is unclear with what to replace it, or where a ‘quick 
and dirty’ answer is required. They can also be used to verify the 
usefulness of standard approximations for parametric models, and 
to improve them if they seem to give inadequate inferences. The 
trouble with standard confidence intervals is that they are based on 
an asymptotic approximation that can be quite inaccurate in 
practice. Over the years, statisticians have developed tricks for 
improving the standard interval, involving bias-corrections and 
parameter transformations. The bootstrap confidence intervals can 
be thought of as automatic algorithms for carrying out these 
improvements without human intervention. 
DiCiccio T. & Efron B. 
(1996) 
Davison & Kuonen 
(2002) 
 
In Sections 4.6.2 and 5.6.4, 
Bootsrapped C.Is were 
obtained via IBM’s SPSS. 
Because sample sizes were 
not large (especially for 
the first case study) and the 
assumptions of parametric 
estimates were in doubt, 
bootstrapping was most 
useful as an alternative. 
 
Difference-in-
differences 
 
A tool to estimate treatment effects comparing the pre- and post-
treatment differences in the outcome of a treatment and a control 
group. In general, we are interested in estimating the effect of a 
treatment (e.g. union status, medication, etc.) on an outcome Yi. 
Waldinger (2010) 
 
See Section 6.6, pg 190 
Independent 
Samples 
Moses test of 
extreme 
reactions 
Produces an independent-samples tests of whether the samples have 
the same range. It tests a control group versus a comparison group. 
The first value in ascending order of the grouping field defines the 
control group and the second defines the comparison group. If the 
grouping field has more than two values, this test is not produced. 
IBM Knowledge 
Centre 
(https://www.ibm.com/
support/knowledgecent
er/SSLVMB_20.0.0/co
m.ibm.spss.statistics.he
lp/idh_idd_npar_indep
endent_settings_tests.ht
m) 
It was used in parallel with 
Kolmogorov Smirnov test 
to assess normality, as 
according to Field (2013) 
it is more powerful when it 
comes to small sample 
sizes 
Independent 
Samples T-test 
Compares the means of two independent groups to determine 
whether there is statistical evidence that the associated population 
means are significantly different. It is a parametric test, also known 
as: Independent t Test, Independent Measures t Test, Independent 
Two-sample t Test, Student t Test. 
Kent State University 
Libraries (2017) 
(http://libguides.library
.kent.edu/SPSS) 
See Section 3.5 
Mann Whitney 
U Test 
It tests for differences between two groups on a single, ordinal 
variable with no specific distribution. In contrast, the independent 
samples T-test, which is also a test of two groups, requires the 
single variable to be measured at the interval or ratio level, rather 
than the ordinal level, and to be normally distributed. We 
accordingly refer to the Mann-Whitney U test as the nonparametric 
version of the parametric T-test. Both tests require two 
independently sampled groups and assess whether two groups 
differ on a single, continuous variable. The two tests, however, 
differ on the assumed distribution. A nonparametric test assumes no 
specific distribution, whereas a parametric test assumes a specific 
distribution. Thus, the Mann-Whitney U is conceptually similar to 
the T-test for determining whether two sampled groups are from a 
single population. When data do not meet the parametric 
assumptions of the T-test, the Mann-Whitney U tends to be more 
appropriate. 
McKnight & Najab 
(2010) 
 
See Section 3.5 
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Method Definition Source Justification of use in 
the present research 
Means 
comparison 
tests 
Comparison of means arises in many different formats, and there 
are various methods available for dealing with each of these. Some 
of the simpler cases are: comparison of a single observed mean 
with some hypothesized value, comparison of two means arising 
from paired data, and comparison of two means from unpaired data. 
All of these comparisons can be made using appropriate confidence 
intervals and T-tests as long as certain assumptions are met. 
Whitley and Ball 
(2002) 
See Section 3.5 and Figure 
3.1 
Multilevel 
models 
The vast increase in computing power over recent decades has led 
to the emergence of multilevel as practical and powerful analysis 
tools. This approach involves specifying two or more levels, or 
stages, of relationships among study variables and parameters. The 
levels are arranged in a hierarchy; hence the approach is also 
commonly known as hierarchical modelling. There are many 
complex problems in which multilevel modelling provides an 
alternative superior to the oversimplifications required by standard 
approaches and it is commonly used for simultaneous study of 
relations among group-level and individual-level variables. This 
advantage is especially great in studies that search for effects or 
interactions among many exposures in which standard methods of 
forcing in all variables or using mechanical variable-selection 
algorithms easily produce invalid inferences. 
Greenland (2000) See Section 3.6 
Multiple 
Linear 
Regression 
In a simple linear regression model, a single response measurement 
Y is related to a single predictor (covariate, regressor) X for each 
observation. The critical assumption of the model is that the 
conditional mean function is linear: E(Y |X) = α + βX. In most 
problems, more than one predictor variable will be available. This 
leads to the following “multiple regression” mean function: E(Y |X) 
= α + β1X1 + · · · + βpXp, where α is caled the intercept and the βj 
are called slopes or coefficients. 
Shedden (2016) See Section 3.4 
One-sample 
Kolmogorov-
Smirnov test 
 
Also known as the Kolmogorov-Smirnov goodness of fit test. It 
assesses the degree of agreement between an observed distribution 
and a completely specified theoretical continuous distribution. It is 
(reasonably) sensitive to all characteristics of a distribution 
including location, dispersion and shape. 
The key assumptions of the test are that the theoretical distribution 
is continuous (although a version exists which can cope with 
discrete distributions) and that it is fully defined. The latter 
assumption unfortunately means that its most common use - that of 
testing normality - is actually a misuse if the parameters of that 
distribution are estimated from the data. 
http://influentialpoints.
com/Training/kolmogo
rov-smirnov_test-
principles-properties-
assumptions.htm 
The test was used 
throughout this Thesis to 
assess whether the 
distribution of the several 
sub-samples approach the 
normal distribution. 
Ordinary Least 
Squares 
Ordinary least-squares (OLS) regression is a generalized linear 
modelling technique that may be used to model a single response 
variable which has been recorded on at least an interval scale. The 
technique may be applied to single or multiple explanatory 
variables and also categorical explanatory variables that have been 
appropriately coded. 
Hutcheson (2011) Discussed in Literature 
Review-not used in the 
Thesis 
Probit model Also called probit regression, it is used to model dichotomous or 
binary outcome variables. In the probit model, the inverse standard 
normal distribution of the probability is modeled as a linear 
combination of the predictors. 
Institute for Digital 
Research and 
Education, UCLA 
http://stats.idre.ucla.ed
u/stata/dae/probit-
regression/ 
 
Discussed in Literature 
Review-not used in the 
Thesis 
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Method Definition Source Justification of use in 
the present research 
Related 
Samples T-test 
It compares two means that are from the same individual, object, or 
related units. The two means typically represent two different times 
(e.g., pre-test and post-test with an intervention between the two 
time points) or two different but related conditions or units (e.g., 
left and right ears, twins). The purpose of the test is to determine 
whether there is statistical evidence that the mean difference 
between paired observations on a particular outcome is significantly 
different from zero. It is a parametric test,  also known as: Paired 
Samples t test, Dependent t Test, Paired t Test, Repeated 
Measures t Test. 
Kent State University 
Libraries (2017) 
 
See Section 3.5 
Related 
samples 
Wilcoxon 
signed rank 
test 
A nonparametric test procedure for the analysis of matched-pair 
data, based on differences, or for a single sample. The null 
hypothesis is that the differences, or individual observations in the 
single-sample case, have a distribution centered about zero. The 
absolute values are ranked. The test statistic is the sum of the ranks 
for either the positive or the negative values.  
Woolson (2008) 
 
See Section 3.5 
Three-Stage 
Least Squares 
Three-stage least squares (3SLS) refers to a method of estimation 
that combines system equation, sometimes known as seemingly 
unrelated regression (SUR), with two-stage least squares 
estimation. It is a form of instrumental variables estimation that 
permits correlations of the unobserved disturbances across several 
equations, as well as restrictions among coefficients of different 
equations, and improves upon the efficiency of equation-by-
equation estimation by taking into account such correlations across 
equations. Unlike the two-stage least squares (2SLS) approach for a 
system of equations, which would estimate the coefficients of each 
structural equation separately, the three-stage least squares 
estimates all coefficients simultaneously. It is assumed that each 
equation of the system is at least just-identified. Equations that are 
under-identified are disregarded. 
International 
Encyclopedia of the 
Social Sciences 
(http://www.encyclope
dia.com/social-
sciences/applied-and-
social-sciences-
magazines/least-
squares-three-stage) 
Discussed in Literature 
Review-not used in the 
Thesis 
Type 1 Error The error of rejecting a null hypothesis when it is actually true. In 
other words, this is the error of accepting an alternative hypothesis 
(the real hypothesis of interest) when the results can be attributed to 
chance. Plainly speaking, it occurs when we are observing a 
difference when in truth there is none (or more specifically - no 
statistically significant difference). 
www.stat.berkeley.edu 
Prof. Huang lecture 
notes 
Discussed in Literature 
Review-not used in the 
Thesis 
Variance 
Inflation 
Factor (VIF) 
VIF quantifies the severity of multicollinearity in an ordinary 
least squares regression analysis. It provides an index that 
measures how much the variance (the square of the 
estimate's standard deviation) of an estimated regression 
coefficient is increased because of collinearity. A rule of thumb is 
that if VIF>10 then multicollinearity is high.  
Allison (1999) The VIF was calculated in 
SPSS to test if 
multicollinearity exists in 
the multiple regression 
models. 
 
